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Abstract 
Water availability is one of the prominent limitations in wheat productivity. In the face of a 
rapidly changing climate with predictions for greater variability of rainfall across Australia’s 
wheat growing regions there is a clear and growing need to increase the efficiency with 
which water is used. Wheat is a staple crop for the majority of the world, and Australia is the 
3rd largest exporter, making it a crop not only of importance for feeding the world, but also 
of significant economic importance. Through conventional breeding programs and 
technological advances in crop production over the last century, and particularly in the last 
3-4 decades, grain yields have been able to increase proportionately in response to 
increasing demand. In the last decade annual yield increases have started to plateau, while 
population growth and demand for food has continued to grow. By the year 2050 global 
population is predicted to reach nearly 10 billion people, requiring an increase in food 
production of up to 60%. In order to maintain global food security, greater yields will need to 
be achieved in environments with more variable water availability. 
 
To address both the increased demand for food and increasing scarcity of water for crop 
production, Transpiration efficiency (TE) has been proposed as a trait which could increase 
yields using similar or reduced amounts of water. Although TE has been explored in the past 
using proxy traits such as carbon isotope discrimination (CID) and stomatal conductance, 
rapid and accurate measurement of direct water-use at the plant level for large populations 
has not been undertaken on a large scale, and therefore neither have genetic studies of the 
underlying genes controlling TE. Here we propose a method for rapidly screening large 
populations of wheat for water-use and TE, as well as utilising modern genome wide 
association study (GWAS) techniques to identify and validate multiple quantitative trait loci 
(QTL) for TE in wheat.  
 
A high-throughput methodology for screening large populations of wheat was developed by 
combining the ‘Pot-In-Bucket’ platform for measurement of water use at the plant level with 
the new approach of reducing trial duration in order to run multiple experiments within a 
single season. By running two experiments consecutively in the same cropping season, 
throughput of the platform was effectively doubled while the results for TE remained highly 
correlated.  
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This methodology allowed for a large genetically structured mapping population to be grown 
and screened for TE rapidly before using GWAS to identify multiple QTL. In total, 22 genetic 
markers representing 20 QTL where identified for TE in a population of 11 families, 
developed using Suntop as a reference parent. The effect size of these QTL ranged from 
0.145 g kg-1 to -0.142 g kg-1 (>6% effect). In a subsequent experiment, 6 of these QTL were 
validated in a previously untested population from a different genetic background. The 
parental origins of the donor alleles which conferred either a positive or deleterious effect on 
TE were also investigated in order to present the families where genes of interest may be 
obtained and bred into existing material. This genetic information can be used by breeders 
or researchers to further investigate the genetics of TE in wheat and the potential to rapidly 
introduce novel genes using modern breeding techniques. 
 
Further investigation into these QTL demonstrated that most of these QTL could be detected 
in a population with a different genetic background, validating the discovery of those QTL 
and the methodology used to detect them. Another study demonstrated that in a population 
with common parents it was possible to use genomic markers to predict phenotypic 
performance. This methodology was not able to successfully predict phenotypic 
performance in populations from different genetic backgrounds or environmental conditions 
which differed considerably from the original testing environment. 
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Chapter 1: Introduction 
Productivity of bread wheat (Triticum aestivum L.) is commonly limited by a lack of water in 
rain-fed farming systems. Climate models predict an increase in the variability of seasonal 
rainfall over the coming decades in Australia, while global population continues to grow. In 
the past century the global population has more than doubled and is predicted to continue 
increasing rapidly, illustrating the necessity to proportionately increase the yield and 
resource-efficiency of our crops in order to sustainably meet the growing per capita demand 
(Donald, 1962; Wang et al., 2002; Borlaug and Dowswell, 2005; Cakmak, 2008). Cereal 
crops such as wheat, rice and maize provide as much as 60% of global food supply (Tilman 
et al., 2002), which highlights the importance of securing their productivity in the coming 
decades. Wheat is grown in almost every region of the world and across a variety of latitudes 
(Peña-Bautista et al., 2017; Figure 1.1), occupies as much as 17% of global cultivated 
agricultural land (Gupta et al., 2008) and produces around 750Mt of grain each year (FAO, 
2018). In order to meet the growing demand for food, not only will yields need to be 
increased, but crops will need to utilise limited resources, such as water, much more 
efficiently.  
 
Another competing interest in the mission to sustainably feed the world is the relatively new 
emergence of the biofuel industry, which relies entirely on using energy rich biological 
material to produce fossil-fuel alternatives (Nuffield Council on Bioethics, 2011; Paul, 2012). 
While corn/maize is typically the main crop used for biofuel production in the United States 
of America, European nations (notably the United Kingdom) have increasingly been using 
wheat and other staple grain crops to produce ethanol for use in biofuels (Tenenbaum, 2008; 
Figure 1.1 – Global distribution of wheat. 
Figure from Fischer et al. (2014) 
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Nuffield Council on Bioethics, 2011). Even when wheat is not being directly sourced for 
biofuel production, there are flow on effects when demand for food crops spikes, leading 
more farmers to grow crops for biofuel feedstock instead of food (Paul, 2012). Low Income 
Food Deficit Countries (LIFDC), which is an group of 52 countries defined by the FAO (2018) 
as being net food importing nations with an average income below ~US$1,400 per capita, 
rely on plant based foods for 90.6% of their daily calorie intake, 17.9% coming from wheat 
alone (Appendix 1; Appendix 2), and as net importers of food they rely on access to 
affordable food from the international market. An unfortunate biproduct of market forces is 
that in response to a shift in production or an increase in demand for biofuel feedstock, food 
prices also tend to spike, effectively excluding LIFDC or people living in severe poverty from 
access to affordable food (Tenenbaum, 2008; Tilman et al., 2009; Nuffield Council on 
Bioethics, 2011; Paul, 2012). This poses an ethical question on how food production should 
be utilised for the greatest good: to feed the hungry, or provide a renewable energy source 
(Moioli et al., 2018). There are arguments for and against biofuel and its role in the global 
economy (Nuffield Council on Bioethics, 2011), and many argue that with the right mixture 
of policies and incentives, biofuels could be delivered in sustainable and ethical way 
(Tenenbaum, 2008; Paul, 2012). Ultimately, if the global agricultural industry is going to 
sustainably deliver crops for both food and biofuel production for a growing population, 
greater productivity derived from greater resource use efficiency is required (Tester and 
Langridge, 2010). 
 
Availability of water is one of the most common limiting factors for crop production in many 
regions of the world. Agriculture is one of the greatest users of water, consuming 70% of all 
fresh water available to humans (Medrano et al., 2015). Drought is a particularly common 
constraint in Australian wheat growing regions, severely limiting grain yields and profitability 
for farmers (Murphy and Timbal, 2008). In the face of growing concerns about the predicted 
increase in variability of rainfall and overall weather patterns in the coming decades (Watson 
et al., 2017), coupled with projections for rapid population growth putting increased pressure 
on current production systems, there is an evident need to increase the efficiency with which 
we utilise our available water for maximum sustainable productivity (Araus et al., 2002; 
Wang et al., 2002; Condon et al., 2004; Fischer, 2009). 
 
Transpiration efficiency (TE; the amount of water utilised per unit of plant biomass 
accumulated at the individual plant level) has been identified as a viable trait to improve 
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yields in environments which are typically yield limiting, or help maintain yields in years with 
particularly poor rainfall (Rebetzke et al., 2009; Richards et al., 2010). Increasing TE could 
help to alleviate the effects of variable or increased soil water deficit and evaporative 
demand on crop yield. A number of underlying physiological and genetic controls are thought 
to contribute to TE but need to be better understood to allow improved breeding progress 
for crop adaptation. Carbon isotope discrimination (CID) is closely associated with TE in C3 
plant species (Farquhar and Richards, 1984), and has previously been used to produce 
wheat varieties specifically adapted for high TE. With increased TE, crops grown in 
environments where deep soil moisture reserves are the main source of water are more 
likely to conserve soil water reserves early in the season. These reserves can then be 
accessed later in the season when there is greater chance of soil water deficit. Using 
genomic analysis for complex physiological traits is often hindered by the requirement for 
detailed phenotypic data, which can be difficult to measure on a large scale, particularly for 
traits related to water use at the plant level (Sinclair, 2012). The development of automated 
phenotyping platforms (Granier et al., 2006; McLean et al., 2012; Pereyra-Irujo et al., 2012; 
Vadez et al., 2015) broadens the possibilities for combining modern genomic tools with the 
ability to accurately phenotype populations for detailed physiological traits. The main 
limitation of most phenotyping platforms is often infrastructure costs and low-throughput, 
resulting in slow uptake of the technology within the industry. High throughput phenotyping 
coupled with modern genomic techniques have the potential to provide rapid yield gains for 
drought adaptive traits, such as TE, which could provide greater food security in the 
increasingly variable environments predicted to occur in the coming decades. 
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Aims and Objectives of this thesis 
Aims 
To improve the methodology for screening large populations for TE to increase the feasibility 
of adoption in breeding programs, whilst using this methodology to identify and validate the 
genetic basis of TE in wheat 
 
Objectives 
(i) Develop a high-throughput platform and methodology for screening large 
populations rapidly for TE 
(ii) Investigate genetic regions (quantitative trait loci; QTL) associated with the 
expression of TE in an established multi-reference parent nested association 
mapping population (MR-NAM) population. 
(iii) Determine if making genomic predictions for TE is a reliable and consistent 
approach to increase the speed of wheat breeding for TE in different genetic 
backgrounds. 
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Chapter 2: How can increased transpiration efficiency improve yield? 
 
Introduction 
Bread wheat (Triticum aestivum L.) is a staple grain crop and significant source of protein 
for a large proportion of the global population. Globally, it is grown on over 220 million ha, 
more than any other crop (Curtis et al., 2002; Braun et al., 2010; FAO, 2018), and is a staple 
food source for 40% of the global population (Gupta et al., 2008; FAO, 2013), providing 
19.5% of daily protein intake and 18.3% of daily calorie intake worldwide (FAO, 2018). 
Wheat is grown in almost every region of the world and across a variety of latitudes (Peña-
Bautista et al., 2017; Figure 1.1), occupies as much as 17% of global cultivated agricultural 
land (Gupta et al., 2008) and produces around 750Mt of grain each year (FAO, 2018). In the 
past century, global population has more than doubled, reaching 7.5 billion people in 2017 
(FAO, 2018), and is predicted to reach between 9.3-9.8 billion by the year 2050 (Fischer et 
al., 2014; FAO, 2018), illustrating the necessity to proportionately increase the yield and 
resource-efficiency of our crops in order to sustainably meet the growing demand (Donald, 
1962; Wang et al., 2002; Borlaug and Dowswell, 2005; Cakmak, 2008). Within the same 
time frame, global climate change is predicted to have unfavourable impacts on most 
regions of the world (Rebetzke et al., 2009; IPCC, 2014), including Australia (Watson et al., 
2017). The effects of this will be particularly severe for agricultural regions where increased 
variability in climate and rainfall will likely make growing crops and producing food and fibre 
more difficult (Hamdy et al., 2003; Rebetzke et al., 2009). All of these factors underscore 
the necessity to proportionately increase the yields and resource-use efficiency of our crops 
in order to sustainably meet growing demand and maintain global food security (Donald, 
1962; Curtis et al., 2002; Borlaug and Dowswell, 2005). 
 
The most common challenge faced by wheat growers is a lack of plant available moisture, 
which often limits crop growth (Araus et al., 2002; Rebetzke et al., 2008; Jager et al., 2014), 
reducing potential yield and impacting on the socioeconomic status of global wheat growing 
regions (Anderson and Jarrett, 1987; Hamdy et al., 2003; Borlaug and Dowswell, 2005; 
Zheng et al., 2012). As a result of climate change, global wheat productivity has been 
estimated to be as much as 5.5% below predicted yield potentials, based on models which 
exclude climate trends (Lobell et al., 2011). With the global population predicted to grow by 
around 2 billion people in the coming two to three decades (Fischer et al., 2014; FAO, 2018), 
coping with water scarcity and maintaining food security will be two of the most significant 
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challenges we face in the near future (Hamdy et al., 2003; Borlaug and Dowswell, 2005; 
FAO, 2013). 
  
The majority of wheat produced in Australia is grown within the Australian wheat belt (Figure 
2.1) which can be divided into four major agro-ecological zones; the east, south-east, south 
and west, which can be further separated into more localised regions. The Australian wheat 
growing regions are characterised by vastly contrasting environmental conditions, broadly 
characterised in the western regions by shallow sandy soils and winter-dominant rainfall, 
deep vertosols and summer-dominant rainfall in the north/north-east regions, and loamy 
sand/clay soils with more evenly distributed annual rainfall in the south/south-east regions. 
The majority of broad acre wheat farms rely on this rainfall for the entirety of their water input 
(Murphy and Timbal, 2008). According to several future climate predictions and climate 
models, the occurrence and intensity of rainfall events throughout Australia are expected to 
become more variable, while global temperatures will increase with increasing atmospheric 
CO2 (Potgieter et al., 2013; IPCC, 2014; Watson et al., 2017). The result is a need to pre-
emptively increase the importance and urgency placed on extensive and long-term 
adaptation of crops, including wheat, for greater tolerance to warmer and more water-limited 
environments (Chapman et al., 2012). 
 
Country Production (Rank) Production (Mt) Export (Rank) Export (Mt) Export (%) 
China 1 122.9 7 0.0a 0.0 
India 2 89.2 6 3.1 3.4 
USA 3 58.1 1 28.1 48.4 
Russia 4 54.3 5 18.7 34.5 
France 5 37.3 4 19.2a 51.4 
Canada 6 28.9 2 20.4 70.6 
Australia 7 26.2 3 19.4 74.1 
 
Table 2.1 – Annual mean global and domestic wheat production and exports for financial years (July - 
June) between 2011 and 2017. Data taken from ABARES (2018) and FAO (2018) 
 
 
Production Unit 2010–11 2011–12 2012–13 2013–14 2014–15 2015–16 2016–17 Avg. 
Australia Mt 27.4 29.9 22.9 25.3 23.7 22.3 31.8 26.2 
World Mt 652.9 695.4 655.5 717.1 730.3 735.8 754.2 705.9 
Australian share % 4.2 4.3 3.5 3.5 3.3 3.0 4.2 3.7 
Exports          
Australia Mt 18.6 24.7 18.6 18.6 16.6 16.1 22.6 19.4 
World Mt 125.7 145.3 140.6 156.5 153.3 166.2 175.7 151.9 
Australian share % 14.8 17.0 13.3 11.9 10.8 9.7 12.9 12.9 
 
Table 2.2 – Global and domestic wheat production and exports for financial years (July - June) between 
2011 and 2017. Data taken from ABARES (2018) 
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Australia plays a large role in the global wheat economy. Domestically, Australia had an 
annual production of 26.2 Mt of wheat on average for the 6 years between 2011 and 2017, 
accounting for 3.7% of global production (ABARES, 2018; FAO, 2018). For the same period, 
approximately 19.4 Mt (74.1%) of domestic wheat product was exported to markets around 
the world (Table 2.1), representing 12.9 % of global wheat exports (Table 2.2) and although 
Australia is ranked 7th in the world for wheat production, it ranks as the 3rd highest exporter 
from the 7 highest producing nations (Table 2.1). Given the role that Australia plays as a net 
exporter of wheat, maintaining or improving yields throughout the Australian wheat belt 
(Figure 2.1) is imperative to maintaining global food security, particularly in developing 
countries (Peña-Bautista et al., 2017) where access to modern agricultural technologies and 
best management practices is restricted by accessibility, cost and lack of education (Fischer 
et al., 2014).  
 
In order to continue meeting global food demand, food supply will need to increase by 
between 50-100% (Borlaug and Dowswell, 2005; Braun et al., 2010; Tilman et al., 2011), 
depending on trends in diet and demand for meat products. Historical socioeconomic trends 
show that as income per capita increases, demand for meat product rises in kind as it 
Figure 2.1 – Australian Wheat Belt and states of Australia. 
Figure from Fischer et al. (2014) 
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becomes more affordable or accessible, particularly in developing countries or emerging 
economies (Tilman et al., 2002; Borlaug and Dowswell, 2005), which is where the majority 
of the estimated 1.8-2.3 billion extra people (Fischer et al., 2014; FAO, 2018) projected to 
be alive in 2050 will be born. This increased demand for meat protein adds pressure to the 
grain production industry as a large proportion of cereal grains go into animal feed with a 
relatively low efficiency for feed conversion (3~10kg grain required to produce 1kg meat; 
Tilman et al., 2002), however we can assume that some of this will be offset by ongoing 
research into increasing feed conversion efficiency for meat production (Broderick, 2018).  
 
In the past, food demand has largely been met by expanding agricultural production into 
previously unused fertile lands (Tilman et al., 2002), however current agricultural land use 
has likely peaked, and any further expansion of cropped area would likely occur only on 
marginal land and/or into land which provides valuable ecological services (Pearce, 1997; 
Ausubel et al., 2013). It has even been proposed that we have already reached ‘Peak 
Farmland’, meaning that the total area of cultivated land has reached its maximum and any 
new land that may be brought into production will be equalled or outpaced by the loss of 
current land to urbanization, degradation and changes in climate (Ausubel et al., 2013). 
Relying on increasing cultivated land to meet demand is no longer a viable option, and these 
factors highlight the necessity to increase the efficiency with which crops utilize or access 
available water (Araus et al., 2002; Wang et al., 2002; Condon et al., 2004; Fischer, 2009). 
 
Agriculture is one of the greatest users of water, consuming 70% of all water available to 
humans (Medrano et al., 2015), however availability of adequate water is one of the most 
common limiting factors for crop production in many regions of the world. Drought is a 
particularly common constraint in Australian wheat growing regions, severely limiting grain 
yields and profitability for farmers (Murphy and Timbal, 2008). In the face of growing 
concerns about the predicted increase in variability of rainfall and overall weather patterns 
in the coming decades (Watson et al., 2017), coupled with projections for rapid population 
growth putting increased pressure on current production systems, there is an evident need 
to increase the efficiency with which we utilise our available water for maximum sustainable 
productivity (Araus et al., 2002; Wang et al., 2002; Condon et al., 2004; Fischer, 2009). In 
several crops, and particularly in wheat (Tausz-Posch et al., 2012), transpiration efficiency 
(TE; the amount of water utilised per unit of plant biomass accumulated at the individual 
plant level) has been identified as a viable trait to improve yields in environments which are 
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typically yield limiting, or help maintain yields in years with particularly poor rainfall 
(Rebetzke et al., 2009; Richards et al., 2010).  
 
Traditional breeding consists of selecting primarily for varieties which display greater yield 
under target-environment conditions while also selecting for beneficial traits that are easily 
screened by observation, such as disease resistance (Lynch, 2007) or lodging resistance 
(Kong et al., 2013). While this approach to plant breeding has been essential for agriculture 
in the past, early forms of breeding can largely be described as a human-driven form of 
selection pressure for the most beneficial traits within each growing region, becoming much 
more advanced in the last century by using structured breeding programs (Araus et al., 
2008) and eventually reaching the point where individual genes can be identified and 
selected using marker assisted selection (MAS) techniques (Kuchel et al., 2007). Now, 
advanced genotyping and phenotyping technologies are rapidly becoming more accessible 
to researchers and industry breeders (Furbank and Tester, 2011), creating unique 
opportunities to unlock previously unattainable genetic gains in many major crops, which 
could help close the gap between yield potential and realised yield (actual yield) in many 
environments 
 
TE is a complex trait made up of several underlying physiological traits, making it difficult to 
breed for based on phenotype alone (Sinclair, 2012), however a genomic approach could 
be a key step in making it a more feasible and adoptable trait in breeding programs. Genomic 
tools are becoming much more reliable (and accessible) to end users, allowing breeders 
and researchers to leverage them for quicker and more efficient genetic gains. Genomic 
techniques have been used in previous studies to identify quantitative trait loci (QTL) in 
wheat for traits contributing to drought tolerance, including root traits (Christopher et al., 
2013; Atkinson et al., 2015), early vigour (Rebetzke et al., 2014b) and stay-green 
(Christopher et al., 2018). Using genomic analysis for complex physiological traits is often 
hindered by the requirement for detailed phenotypic data, which can be difficult to measure 
on a large scale, particularly for traits related to water use at the plant level (Sinclair, 2012). 
As well as the challenges with laborious measurements, physiological traits are often 
affected by environmental conditions (Fleury et al., 2010; van Eeuwijk et al., 2010; Fleury 
and Whitford, 2014), which can affect the ability of GWAS to detect QTL accurately and 
consistently (i.e. G x E). Despite the complex nature of TE, its G×E interactions are often 
not significant under well-watered conditions (for rice (Oryza sativa L.), Haefele et al., 2009; 
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for sorghum, Mortlock and Hammer, 1999; Vadez et al., 2011a; Chenu et al., 2018; for 
wheat, Fletcher et al., 2018). Even in studies where significant G×E interactions for TE were 
observed, these interactions were still smaller than the genotypic main effect (in sorghum, 
Xin et al., 2009; Vadez et al., 2011b; in peanut, Krishnamurthy et al., 2007). Moreover, a 
significant (P<0.01) positive correlation between TE in well-watered and drought-stressed 
conditions has been reported in wheat (Condon et al., 1990). 
 
Detailed phenotyping of complex physiological traits is often a barrier to widespread 
implementation in breeding and research. The development of automated phenotyping 
platforms (Granier et al., 2006; McLean et al., 2012; Pereyra-Irujo et al., 2012; Vadez et al., 
2015) broadens the possibilities for combining modern genomic tools with the ability to 
accurately phenotype populations for detailed physiological traits. The main limitation of 
most phenotyping platforms is often infrastructure costs and low-throughput, resulting in 
slow uptake of the technology within the industry. High-throughput phenotyping coupled with 
modern genomic techniques have the potential to provide rapid yield gains for drought 
adaptive traits, such as TE, which could provide greater food security in the increasingly 
variable environments predicted to occur in the coming decades (Vadez et al., 2014). 
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Drought adaptation in wheat 
Drought in Australia  
Drought has long been one of the foremost challenges faced by the agricultural industry in 
Australia, severely limiting yields in most crops (Araus et al., 2002; Gholipoor et al., 2010; 
Pradhan et al., 2014). Due to the size and variability of environments throughout the 
Australian wheat belt, it is important to differentiate between them when discussing drought 
as the occurrence and characteristics for drought in one region may be different in another. 
Using recorded meteorological data, each region has been characterised for temperature 
Figure 2.2 – Map of the cumulative monthly rainfall and average monthly temperature of the Australian 
wheat belt 
Map of monthly cumulative rainfall (bars) and monthly average temperature (solid line) in the 22 regions of 
the Australian wheat belt for the period 1889–2011. Data are averaged across locations within each region. 
Scales are given in the shaded box at the top of the figure. Figure from Chenu et al. (2013). 
 
12 
 
and rainfall patterns (Figure 2.2; Chenu et al., 2013) which differ considerably from the north-
eastern region (summer dominant rainfall), to the south-east and south (evenly distributed 
rainfall) to the west (winter dominant rainfall), and while the pattern for temperature is similar 
for all regions, the extremes experienced in summer and winter can also vary widely 
between growing environments. Varying soil characteristics also affect the plant available 
water content (PAWC) of each region which influences management decisions, such as 
sowing time and variety selection to best suit the conditions (Chenu et al., 2018). An example 
of the impact of soil characteristics on PAWC is given by Chenu et al. (2013) where it was 
noted that between two regions where one received nearly double the volume of in-season 
rainfall than the other, both experienced virtually identical patterns of severe drought stress 
environments, with the main difference between growing environments being soil type (i.e. 
heavy clay vertosol in the east vs sandy loams in the south and west). Simulations using 
recorded historical weather data were conducted for representative environments (soil type, 
management practices, etc.) and indicated, for instance, that the north-eastern region 
experienced severe or terminal drought-stress conditions in 77% of simulated production 
environments while western regions, with higher seasonal rainfall, only experienced severe 
stress in <20% of simulated production environments (Chenu et al., 2013), highlighting the 
vast contrast in target population of environments which breeders must consider when 
producing appropriate material for release.  
 
Productivity in water-limited environments is typically dictated by the amount of soil water a 
crop can access, and the efficiency with which is can utilise that water (Hamdy et al., 2003). 
In terms of coping with drought, plants have three distinct mechanisms for drought 
adaptation: stress escape, avoidance or tolerance. Stress escape may be achieved by 
selecting varieties with a shorter duration, allowing them to flower and set grain sooner, 
before available soil moisture is exhausted (Araus et al., 2002). In terms of avoiding or 
tolerating severe drought stress, plants typically fall into two categories. They either simply 
survive the severe stress (survival mechanism), or they lessen stress by being adapted to 
the stressful environment (e.g. deeper roots or better osmoregulation; Araus et al., 2002). 
Tolerance mechanisms are a much broader and complicated set of physiological pathways 
for maintaining productivity under stressful conditions, and can include traits such as canopy 
temperature (Rebetzke et al., 2013) or response to vapour pressure deficit (VPD) (Ryan et 
al., 2016). Further investigation into tolerance mechanisms aims to identify traits associated 
with drought tolerance which can be selected for in breeding programs (Araus et al., 2002; 
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Pradhan et al., 2014) and alternative management practices which can assist to reduce 
stress (e.g. sowing time, weed control). The type of drought being experienced is also 
important when considering what traits are important to select for in a target population of 
environments (TPE), as traits which confer advantage under one drought environment may 
confer no advantage, or even a disadvantage, under another (Tardieu, 2012; Bonneau et 
al., 2013). It is important to consider that most traits associated with drought tolerance have 
benefits, drawbacks, environments with maximum benefit and environments where they 
lose their advantage over other traits (Tardieu, 2012; Bonneau et al., 2013).  
 
Elevated evaporative demand (i.e. VPD) can cause increased transpiration and 
unproductive water loss (Schoppach and Sadok, 2013), particularly in warmer and drier 
climates, resulting in loss of yield. Higher VPD increases the potential gradient driving water 
movement from the soil to the atmosphere, resulting in increased evaporation from within 
the leaf interior (Rebetzke et al., 2013; Schoppach and Sadok, 2013). A by-product of 
increased transpiration during elevated VPD is a cooling effect on canopy temperatures 
which has been observed in wheat, and this cooling effect can help plants cope with severe 
heat events (Rebetzke et al., 2013). By increasing the loss of water through transpiration to 
reduce canopy temperature, plant soil water uptake is also increased, however not all of this 
extra water is used productively for photosynthesis and carbon assimilation (Lobell et al., 
2013; Schoppach and Sadok, 2013). Maximising the productivity of water lost or used 
through evapotranspiration can also help to increase water use efficiency at the leaf level. It 
has been suggested that as a measure for reducing the impacts of high VPD on yield under 
drought conditions, the maximum transpiration rate of a crop could be limited through 
selective breeding (Gholipoor et al., 2010). Genetic variability for transpiration rate exists in 
crops like sorghum, wheat and soybean (e.g. Sadok and Sinclair, 2009; Gholipoor et al., 
2010; Schoppach and Sadok, 2012). Some varieties have been reported to exhibit an upper 
limit for transpiration rate in response to VPD, such that once a VPD ceiling was reached, 
transpiration rate ceased to increase in response to further increase in VPD (Gholipoor et 
al., 2010). Water loss due to evaporation directly from the soil surface is also exacerbated 
during periods of elevated VPD, leading to reduced PAWC and compounding the effects of 
water deficit on crop yield (Rebetzke et al., 2013; Schoppach and Sadok, 2013). In line with 
the argument made by Tardieu (2012), the control of plant response to VPD has certain 
foreseeable benefits and limitations when deployed under favourable or unfavourable water 
conditions. 
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Wheat in Australia  
In the Australian wheat growing regions, drought and high variability of annual rainfall have 
been consistent obstacles for rain-fed wheat production (Araus et al., 2002; Murphy and 
Timbal, 2008; Callesen et al., 2014). Despite the issue of water availability, a significant 
amount of progress has been made in terms of crop productivity (Figure 2.3), which stems 
largely from the introduction of dwarfing genes and improved agronomic practices, in 
particular the adoption of nitrogen fertilisers (Fischer et al., 2014; Trethowan, 2014). Current 
climatic conditions in Australia and the predictions for future increased temperatures, 
evaporative demand and water scarcity will likely necessitate the development of crops with 
higher plant transpiration efficiency (Araus et al., 2002; Condon et al., 2004).  
 
Genotype by environment interactions limit breeding progress for drought adaptation 
The yield of any given crop is determined by the expression of many genes which make up 
a plant species genome (Gupta et al., 2008; Richards et al., 2010). The presence of these 
genes vary between genotypes of the same species and, since it is difficult for plant breeders 
to fully understand all of the genes which can influence the expression of all traits, they 
typically focus on what matters most; the economic product, i.e. crop biomass, yield and 
Figure 2.3 – Change in average farm yield of wheat in Australia from 1852 to 2011 and the major drivers 
of change indicated on the timeline  
Figure from Fischer et al. (2014)  
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yield quality (Richards et al., 2010). Yield can vary greatly between different varieties of a 
crop species and this variation is not always consistent across different environments, 
largely influenced by genotype x environment (G x E) interactions (Cooper et al., 1997). 
Overall, the phenotype (P) of a crop can be expressed by the effects of the genotype (G), 
the environment (E), their interactions (G x E) and an error term (e):  
 
P = E + G + (G x E) + e   (van Eeuwijk et al., 2010) 
 
One of the main challenges of breeding is to select the best performing genotypes in a range 
of TPE, which often experience quite variable environments between locations and seasons. 
While breeders manipulate genotypes to give greater yield, they need to produce cultivars 
adapted to the target production environments, which are variable and may not always 
correspond closely to the testing environments. 
 
The complexity of G x E interactions can reduce the heritability of certain traits, particularly 
those which are highly affected by variations in environmental conditions. For example, yield 
is affected by different drought environment types as discussed above (Chenu et al., 2011). 
G x E interactions can impede the process of breeding, particularly in regards to drought 
adaptation. As there is typically a considerable variation between environments it is often 
difficult to make selections for a large TPE based on data from a limited number of testing 
environments (Chenu et al., 2011). Due to the large number of contributing factors for 
complex traits, like drought tolerance, G x E interactions hinder breeding progress as the 
ranking of genotypes will change between sites and also between seasons (e.g. Christopher 
et al 2008). If breeders are making selections based entirely on the performance of 
genotypes in multiple environment trials (MET) then G x E interactions will severely impede 
their ability to make selections for drought adaptation. The benefit of testing lines in MET is 
that breeders are more likely to observe how their lines perform in several environments 
within their TPE, allowing them to select lines which perform consistently better than others 
in the majority of target environments. Complex G x E interactions become a hindrance 
when the ranking of a genotype changes between environments, making the determination 
of the superior genotypes dependent on the environment in which they are grown (Chapman 
et al., 2000). Niche breeding is the selection of genotypes which are only superior in a small 
number of defined environments, making them highly adapted to the target environments 
but with the potential to be poorly adapted to another environment (Chapman et al., 2000). 
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Given that environments are not necessarily fixed in a region or location and it is difficult to 
predict a season, their response to G x E interactions does not guarantee a superior 
outcome (Chapman et al., 2000). 
 
Drought tolerance becomes difficult to select for as the environmental conditions for a 
location can change season to season, meaning that between a season with high water 
stress and a subsequent season with only mild or low water stress, G x E interactions would 
result in a change in rank for the superior lines. Repeatable G x E interactions can help 
improve the consistency of screening for complex traits, however weather conditions and 
drought are difficult to predict and cannot be guaranteed (Chapman et al., 2000). Better 
understanding of the environments in which MET trials are carried out by characterization 
of the water-stress environment type allows for complex modelling of the G x E interactions 
to predict how much of the observed variation for a trait is the effect of the genotype and 
how much is the result of environmental factors (Chapman et al., 2000; Chenu et al., 2011). 
 
Traits for drought adaptation 
Donald (1968) described the ideal wheat genotype (ideotype) as having “a short, strong 
stem; few, small, erect leaves; a large ear (this specifically means many florets per unit of 
dry matter of the ear); an erect ear; awns; and a single culm”. Some of these adaptations, 
such as fewer and smaller leaves and fewer tillers, may reduce water expenditure and 
increase the efficiency of resource usage. Conventional breeding programs over the last few 
decades has resulted in partitioning of biomass and resources away from the stems, being 
reallocated towards the reproductive organs and thus increasing yield (Richards, 1992; Hay, 
1995; Brennan and Quade, 2006; Brennan, 2007; George-Jaeggli et al., 2013). 
 
The first semi-dwarfed varieties were imported into Australia from the International Maize 
and Wheat Improvement Center (CIMMYT) in Mexico in the 1960s (Brennan and Quade, 
2006; Brennan, 2007). As the majority of these imported lines were not suitable to be directly 
released for commercial production in Australia, they were first adapted to the Australian 
environment using the CIMMYT lines as parents(Brennan, 2007). The resulting semi-dwarf 
cultivars became popular and widely adopted in a relatively short timeframe (Richards, 1992; 
Brennan and Quade, 2006; Brennan, 2007; Sun et al., 2014). Due to their shorter and thicker 
stems these varieties were less prone to lodging and gave greater yields in response to 
water and fertilizer applications (Vocke, 1986; Richards, 1992; Brennan and Quade, 2006; 
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Brennan, 2007). The yield advantages observed in favourable conditions are largely 
attributed to reduced competition for resources from the stem, allowing greater floret fertility 
resulting in greater grain number (Sadras et al., 2012; George-Jaeggli et al., 2013). While 
these dwarfed varieties have had well documented success in low-stress and well managed 
environments, their yield in water limited or high temperature areas is still limited and 
progress can be made by improving other traits (Rebetzke et al., 2012).  
 
A theory which was proposed and tested in the early 1980’s was that wheat had a tendency 
to over allocate resources to leaves, resulting in undesirably high soil water uptake through 
excess transpiration (Richards, 1983). This hypothesis was tested by artificially reducing 
leaf area of wheat varieties grown under several drought scenarios, showing a large 
increase in grain yield when leaf area was reduced by manual trimming. This suggests that 
there may have been excessive investment of resources in leaves (at least in some 
environments) (Richards, 1983). It had previously been observed that reduced tillering and 
smaller leaf size that resulted in a reduced total leaf area index (LAI) could lead to 
conservation of soil water during plant development up to anthesis (Donald, 1968).  
 
Canopy growth and development are also key for plant adaptation as leaf area and rate of 
development are crucial factors in light interception and utilization, as well as for 
transpiration rate through conductive stomatal area (Rebetzke et al., 2012; Sadras et al., 
2012). Studies have been conducted to investigate changes in plant ability to intercept and 
utilize light through photosynthesis based on changes in plant height (Rebetzke et al., 2012). 
There is evidence that by decreasing plant height through semi-dwarfing genes, canopy 
structure has also been altered in such a way that less light is being intercepted and 
potentially more water being lost through soil evaporation during early stages of crop 
development (Rebetzke et al., 2012). Reducing pre-flowering water use increases the 
moisture available to the crop during the reproductive and grain filling period when it is 
needed most, and can have a great impact on yield and grain quality (Jager et al., 2014; 
Wang et al., 2014). The quicker a crop is able to establish a canopy and increase leaf area, 
the less water is likely to be lost from soil evaporation and the more light is likely to be 
intercepted and utilized early in the growth cycle, increasing both biomass production and 
water use efficiency of the system (Rebetzke et al., 2012). Similarly, it has been observed 
in dwarfed sorghum varieties that a reduction in light interception caused by canopy 
alteration may reduce crop yields (George-Jaeggli et al., 2013), however evidence provided 
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by Sun et al. (2014) suggests this is not true for some varieties of winter wheat in China as 
annual increases in mean photosynthetic rate and mean leaf area index were observed for 
dwarf varieties. Rapid canopy establishment and early vigour under favourable conditions 
has also been shown to increase light interception and reduce soil water loss through 
evaporation during early crop development, preserving water for later stages of crop 
development (Araus et al., 2002). In contrast, excess leaf area has been shown to increase 
transpiration, increasing the rate of soil water depletion (Araus et al., 2002; Pradhan et al., 
2014), demonstrating that a balance between pre- and post- anthesis water use or better 
physiological control of stomata may improve drought tolerance.  
 
The physiological responses of plants to water deficit are very complex but it is probable 
that traits associated with drought tolerance have been indirectly selected through 
conventional breeding programs targeting hot and dry environments. Higher temperatures 
which exacerbate the effects of low PAWC are typically associated with drier air and 
elevated VPD, leading to an increase transpiration rate (TR) by crops (Schoppach and 
Sadok, 2012; Schoppach and Sadok, 2013). TR is one of two drivers of net carbon 
assimilation, the other being photosynthetic rate (PR) (Tausz-Posch et al., 2012). High 
atmospheric temperatures contribute to drought stress by increasing VPD, increasing 
transpiration and thus increasing the soil water demand, depleting soil water reserves for 
plant growth requirements in later crop stages (Lobell et al., 2013; Schoppach and Sadok, 
2013). Genetic variability in canopy temperature exists in wheat and several other crops 
(Rebetzke et al., 2013) and can be selected for as a physiological mechanism for drought 
tolerance. Lower canopy temperatures can be achieved through the cooling effect of leaf 
transpiration, but this relies on an adequate supply of water and has the potential to deplete 
water reserves early in an unfavourable environment (Rebetzke et al., 2013; Pradhan et al., 
2014). However, lower canopy temperatures have also been correlated with greater yield 
and biomass under high temperature and drought stress (Rebetzke et al., 2013; Pradhan et 
al., 2014). Higher canopy temperatures are associated with lower leaf transpiration, as 
stomata close when there is a lack of water to maintain leaf turgidity (Rebetzke et al., 2013), 
resulting in a reduction in overall photosynthesis. The costs and benefits of increasing or 
decreasing TR in response to high VPD can largely be explained by looking at TE at the leaf 
level. If the overall goal is to increase the efficiency of water transpired (greater carbon 
assimilate per unit water transpired) then either TR should be reduced (stomatal closing) 
and PR remains the same, or PR increases (greater carbon assimilation) and TR remains 
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the same (stomatal closing), or a combination of both scenarios (Tausz-Posch et al., 2012). 
Greater leaf level TE could explain greater yield at cooler canopy temperatures, achieved 
via greater TR, however it is always important to consider the TPE (i.e. is there adequate 
water to sustain greater TR) before committing to it as a breeding target. 
 
There has been a great deal of progress in the investigation of root traits as breeding targets 
to improve yield in wheat over the past decade, including the use of high throughput 
phenotyping, genetic studies and even modelling to increase the efficiency of breeding 
efforts (Gioia et al., 2017; Tracy et al., 2020). The importance of the plant root system in the 
process of resource uptake and anchoring the plant in the soil has been more extensively 
studied in recent years as technology has allowed root studies to be more accessible and 
practical to undertake (Manschadi et al., 2006; Waines and Ehdaie, 2007; Tracy et al., 
2020). Root development and the distribution of roots within the soil profile have been 
associated with greater yield under varying drought conditions (Tracy et al., 2020), for 
example in a soil with deep moisture reserves, deeper rooted wheat varieties will typically 
perform better under drought than shallow rooted varieties (Bazzaz et al., 2000; Waines and 
Ehdaie, 2007; Wasson et al., 2014). It was shown that total root length of wheat seedlings 
was decreased by dwarfing genes when grown in soil media, however, the dwarfing genes 
had little or no effect on the other architectural features such as average root diameter and 
lateral-root:total-root ratio (Wojciechowski et al., 2009). Shorter root length may impair the 
ability of a plant to access deeper moisture reserves during periods of water deficit, which 
will have a detrimental effect on drought adaptation for varieties grown in deep vertosols in 
regions prone to drought (i.e. eastern wheat belt).  
 
Flowering time is an important trait to consider for improving yield in wheat as frost and heat 
damage can severely effect grain size, yield and quality (Zheng et al., 2012). Flowering time 
can be manipulated by adjusting the sowing window and selectively breeding for timing of 
maturity after sowing. Depending on the environment, different flowering characteristics may 
be desired. In colder climates prone to frosts a later sowing window would allow for later 
flowering when there is less risk of frost damage, however allowing flowering to occur too 
late in Spring may result in heat stress during flowering or grain filling (Zheng et al., 2012). 
Similarly, earlier sowing would be preferred in environments which are not prone to frosts 
as this would allow for a longer season and for flowering to occur before the temperatures 
rise in spring, potentially resulting in heat stress (Zheng et al., 2012). To maximise yield, 
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varieties can also be bred for flower time to suit a target environment, so that seed can be 
sown later avoid frost damage whilst simultaneously reducing time to flowering to avoided 
heat stress of flowering late (Zheng et al., 2012). 
 
Harvest Index (HI) is a simple index for measuring the ratio of grain yield to biological yield 
(plant biomass), which was originally conceived in Australia during the 60’s (Donald, 1962). 
Although HI typically only considers the above-ground plant components as biological yield 
while the below-ground organs have been largely discounted, it has proven to be a very 
popular tool amongst scientists for estimating the proportion of energy and resources 
invested in reproductive organs and grain yield (Donald, 1962). HI has been observed to 
increase in varieties released over time, demonstrating that although it was not an objective 
of breeding programs, the ratio of yield to biomass has increased over time due to indirect 
selection during conventional breeding (Donald, 1962; Donald, 1968; Hay, 1995). With the 
introduction of shorter-stemmed semi-dwarf varieties with higher HI values, and an increase 
in retrospective studies of the physiology and yield of older varieties, harvest indices became 
popular for demonstrating gains in plant resource efficiency and resource utilization (Hay, 
1995). There are also certain drawbacks to harvest indices, the foremost being that the 
below-ground plant component is often ignored. There is substantial variation in the 
partitioning of biomass between plant components, including the subterranean organs which 
can account for anywhere between 10-39% of total plant biomass (Hay, 1995). It has also 
been observed that increases in HI with variety release over time differs substantially 
between regions and environments; wheat varieties in England were observed to have not 
only 70% greater HI than Australian varieties being grown at the same time, but also 
exhibited far less variability in HI values as well (Hay, 1995). This variability in HI is likely a 
result of the much greater environmental variation between years seen in Australia as 
opposed to England (e.g. greater inter-seasonal rainfall variation, temperature and VPD 
extremes). This demonstrates that although HI is a useful tool for identifying potential yield 
gains in many crop species under favourable or unfavourable conditions, the variability 
caused by environmental interactions may limit its usefulness when breeding in regions with 
highly variable climates. 
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Transpiration efficiency: a target trait to increase productivity in cereals  
Transpiration efficiency and its component traits 
Transpiration Efficiency is a complex trait which is comprised of several underlying traits 
which relate to the plants physiological responses and ability to tolerate environmental stress 
(Araus et al., 2002; Condon et al., 2004; Sinclair, 2012; Jager et al., 2014). It is defined as 
the ratio of plant biomass produced per unit of water transpired. The traits which contribute 
to and strongly influence TE can relate to a range of characteristics, from physiological traits 
such as stomatal control and photosynthetic capacity, to morphological traits like leaf area, 
leaf angle, plant form and tiller number. Ultimately, transpiration efficiency is influenced by 
any trait which modifies the efficiency with which a plant is able to assimilate biomass per 
unit of water it transpires (Condon et al., 2004; Sinclair, 2012). 
 
Water use efficiency and transpiration efficiency are concepts which are both based on 
increasing the efficiency with which water is used to produce yield or plant biomass (i.e. 
gram of crop biomass produced per kilogram of water extracted from the soil by 
evapotranspiration), although there are some key differences. Water use efficiency (WUE) 
typically relates to the biomass or yield produced by a crop for a given amount of water loss 
due in particular to plant transpiration and soil evaporation and thus relates to crop level 
water-use and is influenced by farming practices and water management: 
 
𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 𝑢𝑢𝑢𝑢𝑊𝑊 𝑊𝑊𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑊𝑊𝑒𝑒𝑒𝑒𝑒𝑒 =  𝐶𝐶𝑊𝑊𝐶𝐶𝐶𝐶 𝑏𝑏𝑒𝑒𝐶𝐶𝑏𝑏𝑊𝑊𝑢𝑢𝑢𝑢
𝐶𝐶𝑢𝑢𝑏𝑏𝑢𝑢𝐶𝐶𝑊𝑊𝑊𝑊𝑊𝑊𝐶𝐶 𝑤𝑤𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 𝑊𝑊𝑒𝑒𝑊𝑊𝐶𝐶𝐶𝐶𝑊𝑊𝑊𝑊𝑊𝑊𝑒𝑒𝑢𝑢𝐶𝐶𝑒𝑒𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝐶𝐶 
 
Plant transpiration efficiency (TE) is defined as the amount of biomass produced per unit of 
water used by the plant (i.e. gram of biomass produced per kilogram of water transpired; 
g kg-1): 
𝑇𝑇𝑊𝑊𝑊𝑊𝑒𝑒𝑢𝑢𝐶𝐶𝑒𝑒𝑊𝑊𝑊𝑊𝑊𝑊𝑒𝑒𝐶𝐶𝑒𝑒 𝑊𝑊𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑊𝑊𝑒𝑒𝑒𝑒𝑒𝑒 =  𝑃𝑃𝐶𝐶𝑊𝑊𝑒𝑒𝑊𝑊 𝑏𝑏𝑒𝑒𝐶𝐶𝑏𝑏𝑊𝑊𝑢𝑢𝑢𝑢
𝐶𝐶𝑢𝑢𝑏𝑏𝑢𝑢𝐶𝐶𝑊𝑊𝑊𝑊𝑊𝑊𝐶𝐶 𝑤𝑤𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 𝑊𝑊𝑊𝑊𝑊𝑊𝑒𝑒𝑢𝑢𝐶𝐶𝑒𝑒𝑊𝑊𝑊𝑊𝐶𝐶 
 
While the definition of transpiration efficiency is relatively simple, the underlying traits which 
contribute to it are complex (Sinclair, 2012).  
 
There is extensive and widely accepted evidence that carbon isotope discrimination (CID) 
is negatively correlated to transpiration efficiency at various levels within the plant, ranging 
from leaf, stem, grain and whole plant matter (Condon et al., 1990; Morgan et al., 1993; 
22 
 
Rebetzke et al., 2002; Zhang et al., 2015). Substantial genetic variation for CID has been 
observed in wheat. As CID is closely linked with TE it is possible that by breeding for 13C 
discriminating varieties, transpiration can be decreased (Condon et al., 1990; Morgan et al., 
1993; Rebetzke et al., 2002; Zhang et al., 2015). In Australia, two wheat varieties (“Rees” 
and “Drysdale”; Richards, 2006) have been developed using CID as a key selection trait to 
produce high TE varieties. Genetic variation in CID may occur through variations in other 
traits such as stomatal conductance or photosynthetic capacity (Zhang et al., 2015).  
 
Carbon Isotope Discrimination (CID) is a naturally occurring process which occurs during 
photosynthesis lead to CID while atmospheric carbon (CO2) undergoes fixation. Carbon 
isotope 13 (13C) makes up almost 1% of atmospheric CO2 and the proportion of 13C found 
in plant matter is even less (Condon et al., 2004). As atmospheric CO2 is assimilated by 
Rubisco within the cell, there is a measurable discrimination against 13C, which leads to 
lower ratios of the concentrations of 13C /12C found within the cell than would be found in the 
atmosphere (Farquhar et al., 1982; Farquhar and Richards, 1984; Zhang et al., 2015). CID 
is measured as the ratio of 13C /12C found in plant matter relative to the ratio of the same 
carbon isotopes found in the atmospheric C02 and is defined by the following equation 
(Condon et al., 2004): 
∆13𝐶𝐶 = [(𝑅𝑅𝑎𝑎/𝑅𝑅𝑝𝑝 ) − 1]  𝑋𝑋 1000 
 
where ∆13𝐶𝐶 is carbon isotope discrimination against 13C, Ra is the atmospheric ratio of 
13C/12C and Rp is the ratio of 13C/12C in plant material. The value for ∆13𝐶𝐶 is expressed as 
parts per thousand (‰). 
 
CID is an attractive trait for use in C3 plant breeding. It has high narrow sense heritability, it 
is highly repeatable and the G x E interactions are relatively low (Richards et al., 2010). CID 
is also effective for breeding for TE as it takes into account the biomass assimilated (the 
result of photosynthesis and transpiration) over the lifetime of the plant being measured, 
which can also be broken down into individual plant components such as grains or leaves 
(Richards et al., 2010). While CID has many favourable qualities, there are also serious 
drawbacks and limitations. In terms of practicality, there is a serious limitation to the broad 
adoption of this technique due to its high cost and intensive labour component (Richards et 
al., 2010). On a more fundamental level, if measurements for CID are made on vegetative 
tissue which is formed under unfavourable growing conditions there may be confounding 
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effects. Variation in available soil moisture may limit the plants photosynthetic ability to 
assimilate carbon for part or all of a plant vegetative growth period. CID and TE can also be 
influenced by the effectiveness of the roots to extract moisture and prolong photosynthesis 
(Richards et al., 2010). Water soluble carbohydrates could further confound the results as 
they can be formed prior to the grain filling period and then be remobilized and pooled with 
new grain carbohydrates. Thus, CID measurements on cereal grains are sometimes 
unreliable (Richards et al., 2010). 
 
Impact of increased transpiration efficiency on yield 
Condon et al. (2004) discusses some of the key potential benefits of increasing water use 
efficiency through (i) decreasing soil water loss through evaporation whilst increasing water 
uptake by the crop, (ii) increasing biomass production per unit of water used by the crop, 
and (iii) increasing the biomass partitioning towards the harvestable material. The following 
equation adapted from Passioura (1996) outlines how these factors can contribute to 
increased yield when water availability is a limiting factor. 
 
𝑌𝑌𝑒𝑒𝑊𝑊𝐶𝐶𝐶𝐶 = 𝑇𝑇 𝑥𝑥 𝑇𝑇𝑇𝑇 𝑥𝑥 𝐻𝐻𝐻𝐻  
 
Where T is the water transpired over the duration of the crop, TE is the transpiration 
efficiency and HI is the Harvest Index. The principles behind this equation are simple, and 
in non-limiting conditions, the aim to maximize yield would require to: produce as much plant 
biomass as possible by capturing as much water as possible, use it as effectively and as 
efficiently as possible, and ensure that as much as that biomass as possible is distributed 
to the economic product (i.e. grain in wheat) (Passioura, 1996). The limitation of this 
equation for yield is that it doesn’t take into consideration trait interplays and trade-off that 
occur during the crop cycle, especially in limiting conditions (e.g. effect of timing and severity 
of drought at different stages). If T is reduced due to variable rainfall or drought, then 
increased TE will help to mitigate the effects by allowing the water that is available to be 
used more effectively, and also by reducing the water extraction from the soil to allow greater 
reserves of water for later in the crop. 
 
Environmental factors influencing transpiration efficiency and its component traits 
Transpiration efficiency is affected by many environmental factors such as temperature, air 
humidity, VPD, available soil moisture, light interception and atmospheric CO2 
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concentrations  Traits such as stomatal sensitivity to VPD, light interception and 
photosynthetic capacity have also been identified as contributing to whole-plant TE (Sinclair, 
2012). There are strong arguments for why TE has the potential to increase crop yield, 
particularly in water limited environments. However, TE as a single variable may not be 
easily selected for in breeding programs due to the complexity of these underlying traits 
which may confound the process (Condon et al., 2004; Sinclair, 2012). One way to increase 
yield is to increase the efficiency with which available water is utilized by focusing on the 
component traits of TE (Sinclair, 2012).  
 
Environmental factors can influence TE and how TE related traits are expressed in different 
environments. Trials conducted in one environment may reveal traits or characteristics for 
drought tolerance or TE, but which do not display the same benefits in another environment 
(Passioura, 1996; Sinclair, 2012). An example of this could be root architecture of wheat 
grown in deep clay soils typically found in the eastern grain regions as opposed to the 
shallow sandy soils found in the west. A deep rooting variety would be able to perform better 
under drought conditions in a deep soil, as water reserves are often found deeper in the 
profile, while in a shallow sandy soil, deep roots may not convey the same benefit due to a 
lack of deeper soil moisture reserves. Similarly, traits which are shown to improve TE in one 
environment may not have the same effect in other environments and care should be taken 
when extrapolating data for TE related traits (Sinclair, 2012).  
 
Phenotyping methods to measure transpiration efficiency and carbon isotope 
discrimination 
The principles of measuring TE are relatively simple: measure biomass gained and water 
transpired to calculate TE. There are several methods which have been used in previous 
studies, some field based, some pot based, and some as a combination of both field and 
pot methods. Each has its merits and pitfalls, as in practice TE it is actually a notoriously 
difficult trait to measure. For example it is difficult to measure transpiration accurately while 
maintaining a realistic simulation of field conditions (Sinclair, 2012).  
 
Field trials where plant water use at the individual plant level cannot be measured can only 
provide water use efficiency (WUE) at the crop level, as a large proportion of water used 
during the season is lost to soil evaporation. Water runoff and leaching can be estimated to 
assess the plant water use (without evaporation),  or another simple way to estimate plant 
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water use and soil evaporation is by measuring initial soil moisture, rainfall during the trial 
and final soil moisture (or periodic soil moisture) to calculate the water balance (Sadras and 
Lawson, 2013). Pot trials are more common for TE experiments as it is much easier to 
measure plant water use. In addition, pot trials can be conducted in controlled or semi-
controlled environments, where environmental factors such temperature, humidity, day 
length, CO2 may be controlled (Sinclair, 2012; Fahlgren et al., 2015).Trials conducted in pots 
can be done with unlimited access to water or with watering schedules, for instance to 
impose water stress scenarios (i.e. to mimic field conditions), however the size of the pots 
should be chosen accordingly to avoid root restriction. The method of water supply may also 
distort the results, as local watering may result in a heterogeneous soil moisture and local 
stress, such as in split pot experiments (Sinclair, 2012). In pot-based experiments for TE it 
is possible that the timing of plant watering and specific location of the water may influence 
the results, as well as their application in the field (e.g. if soil is allowed to dry between 
waterings, some plants may begin to exhibit physiological responses to water deficit before 
others, reducing photosynthesis and skewing the results).  
 
There are several acceptable methods for estimating and calculating TE as all that is 
required is for transpiration and biomass to be estimated at the plant level. The benefits and 
Figure 2.4 - Lysimetric system for measuring TE in PVC tubes 
Panel (a) shows the layer of beads applied on top of the tubes to prevent soil evaporation. Tubes are lifted 
for weighing with an extension load cell (b). The lysimetric system is versatile and usable for many crops; 
e.g. cowpea (c), sorghum (d), and peanut (e). Panels (d) and (e) show that the plants are cultivated 
individually but are part of a crop canopy, and cultivated at a density that reflects the plant population in the 
field. (Vadez et al., 2014) 
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drawbacks of different approaches are usually related to capacity, throughput, labour and 
the ability to characterise other traits as well (i.e. phenology, physiological development, 
response to imposed stress using a controlled environment, etc). A system using large 
cylindrical PVC tubes installed in trenches below the ground has been used to phenotype 
large populations for TE while mimicking field conditions (Figure 2.4). This system allows 
plants to grow in large, unrestricted chambers at a planting density similar to that found in 
the field and also allows root characteristics to be measured by carefully washing away soil 
or media after harvest. A large drawback of this system is the labour component, as each 
chamber must be manually lifted from the trench using a scaffold and load cell (Figure 2.4b), 
which takes 4 people an entire day to weigh 600 cylinders (Vadez, 2008).  
 
Another method utilizes a system which provides unlimited water supply to small pots by 
maintaining a constant water table in a reservoir situated below the pot (Figure 2.5) (Hunter 
et al., 2012). Water is fed into the soil from the reservoir via capillary action. By using this 
‘Pot in Bucket’ (PIB) system coupled with an artificial mulch or ground cover, soil evaporation 
can be minimized or eliminated allowing individual plant water use to be measured precisely. 
Figure 2.5 - Pot-In-Bucket (PIB) system 
‘Pot in Bucket (PIB) system with valve that maintains a constant water level in pot culture 
(Hunter et al., 2012) 
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One of the benefits of this system and systems like it is that the amount of labour required 
to measure water use can be greatly reduced, allowing more plants or genotypes to be 
analyzed each season and making the process more appealing to commercial breeders 
(Fahlgren et al., 2015). More automated variations of the systems described by Hunter et 
al. (2012) have been developed which help to bridge the gap between laboratory and field 
experiments by allowing even larger populations to be screened simultaneously, and 
allowing precise control over water supply in order to apply various drought scenarios and 
to better match the laboratory conditions to the target environment (McLean et al., 2012; 
Fahlgren et al., 2015; Ryan et al., 2016). A good example of an automated high-throughput 
phenotyping platform for transpiration and gas exchange is the platform presented by Ryan 
et al. (2016), which has been used to rapidly phenotype maize for water use efficiency as 
well as response to VPD. This platform demonstrates that high-throughput phenotyping with 
automated platforms has the ability to accelerate breeding for complex physiological traits, 
such as TE, however there is still a trade-off between the cost of infrastructure and running 
the platform and the outcomes that can be achieved (Reynolds et al., 2019). 
 
Genotypic/genetic variation in transpiration efficiency 
Genetic variation is the difference in genes between one or more genotypes which can be 
quantified by the variation in performance for a specific trait. Lines which have similar 
backgrounds are likely to have inherited similar genes and can be expected to have 
relatively low genetic variation for most traits (Reif et al., 2005). Lines from very different 
backgrounds or which have been adapted to certain regions or to express specific traits are 
likely to have greater genetic diversity as the genes which have been selected (naturally or 
through adaptation) are likely to differ. Introgression of genes which confer a desired trait 
(i.e. drought tolerance) into an established elite wheat variety can be achieve by crossing a 
genotype with the desired genes with elite material. It can be reasonably expected that 
through recombination, some of the progeny will likely express both desired characteristics, 
and through several rounds of backcrossing and intense selection pressure the new genes 
can be fixed into the existing material.  
 
Genetic variation for TE, and associated traits such as CID and response to VPD, does exist 
in wheat (Condon et al., 1990; Rebetzke et al., 2006; Vadez et al., 2014). It has been 
reported that for CID there was virtually no genetic variation under drought conditions, 
however the same genotypes under favourable conditions revealed considerable genetic 
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variation (Rebetzke et al., 2006). As CID and TE have been shown to be closely associated 
(Sinclair, 2012) it can be hypothesized that a similar genetic variation exists for TE in wheat, 
which may also be affected by G x E interactions. This means that the greatest genetic 
diversity for TE may be observed under favourable conditions (e.g. managed field or 
glasshouse experiment). If genetic variation for TE can be observed under favourable 
conditions, it may be possible to introduce the underlying genes for improved TE into existing 
material which has already been adapted for the TPE. 
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How to improve transpiration efficiency in wheat cultivars? 
Genetic and genomic tools to characterise genetic controls  
The wheat genome is large and complex, being a hexaploid species with three homologous 
genomes (2n=6x=AABBDD) which originated from the hybridization of an early tetraploid 
wheat (AABB, Emmer wheat, Triticum dicoccoides) and a diploid grass species (DD, Goat 
grass, Aegilops tauschii) around 8000 years ago during the early period of domestication 
and cultivation (Brenchley et al., 2012). At 17 Gb the wheat genome is 40 times larger than 
that of rice, making it one the largest genomes of any higher-plant species (Choulet et al., 
2010). The wheat genome is estimated to have around 80% repetitive sequences (Smith 
and Flavell, 1975) which has posed a significant challenge in accurately sequencing the 
entire genome (Gupta et al., 2008; Choulet et al., 2010). Genetic tools can be used to 
accelerate breeding for complex traits with multiple genes which have a cumulative effect, 
such as rust resistance genes in wheat (Tester and Langridge, 2010; Poland et al., 2012). 
Other useful tools include consensus maps and using comparative genomics between 
different organisms to identify syntenic regions of DNA (Gupta et al., 2008), however due to 
the size and complexity, a fully sequenced map of the wheat genome has been difficult to 
produce (Poland et al., 2012). Recently, the International Wheat Genome Sequencing 
Consortium (IWGSC) published a complete reference genome for wheat which is expected 
to greatly accelerate genomic research and ultimately breeding progress in wheat (IWGSC, 
2018). 
 
The efficiency of breeding and our understanding of the genetic controls involved in crop 
adaptation have greatly increased in recent years, however there is still work being 
conducted to find the most efficient method of increasing genetic gains in wheat (Bassi et 
al., 2016). Since a phenotype is derived as a genotype by environment interaction, the high 
variability in Australian environments can cause changes in the ranking of genotypes for 
yield and introduces confounding effects in the interpretation of the studied genotypes, traits 
or genes (Cooper et al., 1997; Chenu et al., 2009; Richards et al., 2010). Adaptive traits 
associated with drought tolerance are typically complex and quantitative by nature, (Zeng, 
1994; Guo et al., 2010). Molecular markers have recently become a much more commonly 
practiced method of rapidly increasing yield gains in wheat as they can allow the selection 
of very specific genes which confer beneficial traits (Tester and Langridge, 2010). Molecular 
markers are DNA-based markers which facilitate the detection of genetic variations in a 
genome by indicating the presence, absence or variation in a specific segment of DNA. 
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Some commonly used molecular marker techniques are able to detect simple sequence 
repeats (SSR), insertions or deletions of DNA segments (InDels) and single nucleotide 
polymorphisms (SNPs) which are the result of a single base pair difference (Mammadov et 
al., 2012). Several methods of molecular marker analysis which have been used in selective 
breeding in recent decades, including restriction fragment length polymorphism (RFLP; low 
throughput, hybridization based), random amplified polymorphic DNA (RAPD; medium 
throughput, PCR based) and amplified length fragment polymorphism (ALFP; medium 
throughput, PCR based). While in the past these techniques have proved invaluable for 
genetic research, their high cost, high labour and low genome coverage makes them poorly 
suited for modern high-throughput systems for rapid identification of genetic variation. Next 
generation sequencing has offered a solution to this problem by allowing the development 
of low cost, low labour and high-throughput systems using array-based marker systems to 
identify polymorphic molecular markers, such as DArT (diversity array technology) and other 
SNP based technology. A single DArT assay is capable of identifying thousands of SNPs 
and InDels simultaneously across a genome. DArT-seq is a relatively new high-throughput 
platform for high resolution sequencing and is capable of returning up to 40,000 polymorphic 
markers (with known sequence) across the bread wheat genome. Bread wheat has a 
consensus map of DArT-seq markers available with over 60,000 markers, which can be 
used to position the majority of markers returned by DArT-seq assays. 
 
Markers help to identify QTL, which are parts of the genome that are associated with the 
expression of a given quantitative phenotypic trait (Richards et al., 2010). Using a large 
population with a diverse genetic background grown under a variety of environmental 
conditions in a high-throughput phenotyping platform can increase the efficiency of QTL 
identification. Many traits are known to have a cumulative effect when multiple expressive 
genes for a particular trait are present (Tester and Langridge, 2010). Part of the procedure 
to identify QTL consists of identifying segregating sections or regions of a variety’s genome 
that contain influential genes for the trait studied. This leads to a statistical association 
between the segregating loci that have a measurable (and measured) effect on a 
quantitative trait (Zeng, 1994). By demonstrating that plants respond differently to stress or 
to varying environments, it can be reasoned that these responses are controlled by different 
genetic controls or triggers (Richards et al., 2010). By identifying QTL in wheat, these 
genetic controls or triggers can be selected for or against in order to breed for desirable 
traits such as high TE and increasing yields under certain environmental conditions.  
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Association mapping (AM) is a technique for mapping and comparing genomes of diverse 
populations, allowing differences in phenotypic performance to be linked to genetic 
variances. AM utilizes high resolution genomic mapping with the goal of finding specific 
alleles causing variation in a trait (Yu et al., 2008; Hall et al., 2010). Association mapping 
can use populations with a much greater degree of genetic variation and diverse background 
to determine QTL, while traditional linkage analysis relies on having less variation (Hall et 
al., 2010). Association mapping identifies QTL by assessing the linkage disequilibrium (non-
random association of alleles at different loci) by scanning a genome for markers in linkage 
disequilibrium with the trait of interest (Yu et al., 2008; Raveendran et al., 2010).  
 
Nested association mapping (NAM) is a relatively new method for mapping complex traits, 
which combines advantages from both linkage analysis and association mapping 
techniques (Yu et al., 2008; Guo et al., 2010). A NAM population can be created by crossing 
a panel of ‘donor’ lines which exhibit desirable traits (e.g. high TE) with one or more 
reference varieties which are already adapted for the target environment, producing multiple 
recombinant inbred lines (RILs) for each cross (Figure 2.6). The resulting RILs have 
chromosomal segments from both parents. The RILs can be phenotyped and sequenced in 
order to identify potential QTL. Like linkage analysis, NAM relies on the fact that genes 
physically located close to each other on a chromosome have a much greater chance of 
being inherited together during recombination (Pulst, 1999; Guo et al., 2010). If a QTL is 
located physically close to a marker gene, then through linkage analysis the probability of 
this QTL being present in a genome if the marker is also present can be estimated based 
on how closely associated the QTL is with the marker gene (Hirschhorn and Daly, 2005; Yu 
et al., 2008). NAM combines these two techniques for identifying functional markers, 
combining the ability of linkage analysis to identify broad chromosomal regions with the high 
resolution and accuracy of association mapping for those regions (Hirschhorn and Daly, 
2005; Yu et al., 2008). One of the key benefits of NAM is that it is much more efficient than 
conventional association mapping in that it does not require dense marker maps (Yu et al., 
2008). Using the NAM technique, researchers are able to use the genomic information they 
gain much more effectively to identify functional markers (Yu et al., 2008; Guo et al., 2010). 
Christopher et al. (2015) describe a NAM population which has been used to identify drought 
adaptive QTL for root traits and stay-green traits in wheat. The population was developed 
using 12 donor lines with known adaptation for drought tolerance and three reference 
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varieties (Figure 2.6), one each for the northern, southern and western growing regions of 
the Australian wheat belt. The population consists of over 1000 recombinant inbred lines 
(RILs) and each has been subjected to a genome wide scan using DArTseq which yields up 
to 40,000 markers; and SNP markers which provide a map of the variation in alleles for the 
population (Christopher et al., 2015). While the study described by Christopher et al. (2015) 
was mainly investigating root and stay-green traits, it is also a good source of genetic 
Figure 2.6 – Diagram illustrating the development of the multi-reference parent nested association mapping 
(NAM) population 
Genome reshuffling occurred between 11 founders and three reference parents throughout crossing and 
development of recombinant inbred lines (RIL) via five generations of self-fertilizing. The final multi-reference 
parent nested association mapping (MR-NAM) comprised 15 families: four Mace-derived families (Ma-NAM), 
five Scout-derived families (Sc-NAM), and six Suntop-derived families (Su-NAM). 
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variability for other types for drought adaptation, such as TE and TE-related traits. A similar 
study could be used to identify QTL associated for TE.  
 
Applications for breeding 
Marker assisted selection (MAS) is the process of taking QTL once they have been identified 
and applying that knowledge to make educated selections for specific markers, which can 
increase the efficiency of breeding (Dubcovsky, 2004). MAS has previously been used to 
breed for simple traits in wheat, however more powerful MAS techniques such as marker 
assisted recurrent selection (MARS) and genomic selection (GS) techniques (Bernardo, 
2008) may be needed to select for complex quantitative polygenic traits such as drought 
tolerance and TE. MARS incorporates MAS by using it in several successive crosses of 
selected lines to increase and screen for the presence of desirable alleles. While MAS relies 
heavily on major QTL to confer large benefits, GS incorporates all DNA markers which affect 
a trait, including markers with only a small effect, so that the maximum potential gain can be 
achieved, which may increase the efficiency of breeding for complex traits with multiple QTL 
(Tester and Langridge, 2010).  
 
By combining the use of high-throughput phenotyping and genotyping platforms, the 
efficiency and cost effectiveness of breeding for complex traits like TE can be increased and 
will be more readily available for commercial breeding programs to implement. A high-
throughput phenotyping platform which can quickly and easily phenotype hundreds of lines 
simultaneously could be coupled with advanced population structure such as NAM 
populations and advanced molecular marker techniques such as DArTseq or SNPs. This 
combination would provide a viable method of screening large numbers of lines from diverse 
genetic backgrounds and could potentially make the identification of significant QTL much 
more efficient.  
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Conclusion 
Predictions for population growth and greater variability in weather patterns in Australia over 
the coming decades indicate that crop yields need to be greater. As the majority of wheat 
grown in Australia receives its water from rainfall, wheat will need to utilise the water it does 
receive more efficiently to meet growing demand. Transpiration efficiency is a key trait of 
interest to meet this demand as it has the potential to increase yields under a wide variety 
of environments, but most importantly under soil water deficit and high evaporative demand 
conditions. Genetic variation for TE exists in wheat, making it a viable breeding target which 
can be incorporated into breeding programs. Using a genomics approach to identify QTL 
which are associated with TE for selection may prove more efficient than using conventional 
selection by phenotype.  
 
The next steps taken as part of this PhD were to (i) develop and evaluate a high-throughput 
phenotyping methods for TE, (ii) investigate a set of elite historical wheat genotypes for TE 
to explore whether breeding for yield over past decades has resulted, at least partly, from 
indirect selection of traits associated with TE, (iii) look at environmental response of TE in 
contrasting genotypes, and (iv) finally, phenotyped a pre-established NAM population to 
identify QTL for TE and associated traits. The information generated by this study may, in 
future projects, be applied to a breeding program to produce high TE genotypes. 
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Introduction 
Water availability is one of the primary limiting factors of yield for bread wheat (Triticum 
aestivum L.). With projected increase in water-stress events in some regions due to climate 
change (Lobell et al., 2015; Watson et al., 2017) and continuing global population growth, 
greater food production is needed. This can be achieved, in part, through greater crop yield 
and more efficient use of limited resources, such as water. TE has been suggested as a trait 
of interest to improve yield in drought-prone environments, in particular where crops rely on 
stored soil moisture (Condon et al., 2002; Rebetzke et al., 2009; Chenu et al., 2018). In such 
environments, crops that are able to utilise available soil water more efficiently can maintain 
greater soil water reserves early during the crop cycle to use later in the season, when water 
can be more effectively used to produce grain yield (e.g. (Angus and van Herwaarden, 2001; 
Manschadi et al., 2006)). In Australia, increases in yield with the release of new wheat 
cultivars has been linked with increases in TE (Fletcher and Chenu, 2015), suggesting that 
indirect selection for TE has occurred as a by-product of breeding for yield in the drought-
prone environments of the Australian wheatbelt (Chenu et al., 2018). Crop simulation studies 
have also indicated major potential yield gains related to an increase in TE or its component 
traits (Condon et al., 2002; Sinclair, 2005; Casadebaig et al., 2016). Further, experimental 
work on carbon-13 isotope discrimination (CID) in leaf dry biomass, a surrogate trait for TE, 
has highlighted the potential of TE to increase yield in wheat (Rebetzke et al., 2002). 
Selection based on CID has resulted in the release of two high water use efficiency cultivars 
in Australia, Drysdale and Rees (Condon et al., 2004; Richards, 2006; Rebetzke et al., 
2009). 
 
TE of a plant is typically expressed as grams of biomass produced (with or without the roots) 
per kilogram of water transpired. It is commonly measured in sealed pots that exclude soil 
evaporation and deep drainage. TE differs from WUE, a term used in agronomy and 
ecology, which typically refers to field measurements of biomass per unit of initial soil water 
plus in crop rainfall and any irrigation applied but which does not account for soil water 
evaporation, deep drainage and excludes root biomass (Richards et al., 2002). TE can also 
be defined at the leaf level, and then corresponds to the ratio between carbon assimilation 
(photosynthesis) and water flux through the stomata. Leaf TE is commonly measured using 
gas exchange with point measurements in terms of both space (part of a leaf) and time 
(seconds to minutes). As a result, TE measured on individual leaves is typically more 
variable than plant-level measurements (Medrano et al., 2015). Even with multiple leaf-level 
point measurements per plant in stable light conditions, TE measured on parts of single 
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leaves may still be poorly correlated with whole-plant TE (Medrano et al., 2015). Overall, 
measurements on individual leaves are generally less suitable for large-scale phenotyping 
than plant-level measurements. 
 
While genomics has the potential to accelerate crop adaptation, one of the current greatest 
bottlenecks is arguably the ability to phenotype large numbers of genotypes (Araus and 
Cairns, 2014) for traits of importance for target production environments such as TE (Chenu, 
2015; Chenu et al., 2018). TE at the plant level can be phenotyped with gravimetric methods 
in pots, by estimating the amount of water transpired by changes in pot weight over time. In 
this case, the watering and weighing can be performed manually (Hunter et al., 2017) or 
with automated platforms (Pereyra-Irujo et al., 2012; Vadez et al., 2015; Ryan et al., 2016). 
The main limitation for direct measurement of TE is that for accurate measurements of water 
use over time, the labour required increases proportionately with both the size of the trial 
and also the desired resolution (i.e. how often water use is to be measured). Automation of 
the platform can assist in the regard; however, this type of platform typically requires a large 
investment in infrastructure which is then typically a fixed size (i.e. not scalable). TE can 
also be phenotyped indirectly, in either pot or field experiments, using CID measurements 
on dried laminas typically harvested between the ‘stem elongation’ stage and flowering 
(Rebetzke et al., 2002). In C3 species such wheat, CID is a stable trait that negatively 
correlates with TE (Farquhar and Richards, 1984; Condon and Richards, 1992; Rebetzke et 
al., 2002). In comparison to direct measurements of whole-plant TE that requires dedicated 
experiments, CID can be measured from samples harvested in field trials, such as breeding 
trials. However it is also more expensive (Vadez et al., 2014) and its relationship with TE in 
C4 plants is not as straight forward as in C3 plants (Farquhar et al., 1982; Henderson et al., 
1998).  
 
In order to meet the requirement to screen large populations relatively quickly, with low 
infrastructure costs and a simple design, we propose a method for screening a large number 
of plants for TE quickly, accurately and efficiently with a low-cost platform that can be easily 
scalable. While measurements of whole-plant TE are typically done around flowering 
(Cabrera‐Bosquet et al., 2007; Fletcher and Chenu, 2015), this chapter demonstrates that 
reliable screening of TE can be achieved with shorter trial duration trials, to allow multiple 
trials to be carried out in a season and thus increase the throughput of whole-plant TE 
phenotyping. 
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Materials and Methods 
Overview 
Three experiments were conducted with 11 wheat genotypes grown in a pot system that 
maintains a constant water table and allows recording of water loss over time (Figure 3.1 
and  Appendix 3). Above-ground and root biomass were measured to determine TE for the 
shoot and the whole plant, respectively. In the first experiment, six harvests were performed 
at regular intervals from 40 days after sowing (i.e. at stage ‘6 visible leaves’ on average 
across genotypes) to 14 days after flowering (on average across all genotypes) in order to 
identify the shortest period required to get consistent genotypic discrimination for TE. To 
ensure the repeatability of the method, another two consecutive experiments were 
conducted with later sowings, where TE measurements occurred at the shortest time 
identified in the first experiment.  
 
The Pot-in-Bucket system  
The ‘Pot in Bucket’ system (Figure 3.1, Figure 3.2 and Appendix 3) was adapted from the 
system described by Hunter et al. (Hunter et al., 2012; Hunter and Scattini, 2014; Hunter et 
al., 2017). It consists of (i) a pot of soil where the plant or plants are grown, which is 
connected with (ii) a capillary mat to (iii) a bucket where the water level is kept constant due 
to (iv) a float valve, itself connected to (v) a water reservoir via (vi) a tube (Figure 3.1; details 
for the construction can been seen in  Appendix 3 and in a demonstration video, 
https://youtu.be/08h7Ip1rukU). For this experiment involving wheat, the pots used were 1.4 
L ANOVA® pots (137 mm top diameter, 116 mm base diameter, 140 mm height, 
http://www.anovapot.com/php/anovapot.php), specifically designed to reduce the escape of 
roots through the pot drainage hole. However, other types of pots could be used in the 
system, as a root barrier is placed under the pot to stop roots from growing outside of the 
pot (Figure 3.1a  Appendix 3f). The base of the pot, with its grid-covered central hole, rests 
on a piece of capillary mat draped over a small container that sits inside a bucket (Figure 
3.1b), A float valve contained within the small container (Figure 3.1c) maintains a constant 
water table within the bucket providing water to the upper pot via capillary flow to the central 
hole and the soil medium. The valve is connected via a standard medical IV drip with a 200 
µm filter to a 5L container (reservoir), which is sealed to avoid any evaporation (Figure 3.1a). 
Hence, water use from plant transpiration and soil evaporation corresponds to the amount 
of water removed from the reservoir. The measurement of water loss can thus be done by 
either weighing the reservoir to see how much water has been removed, or by weighing the 
amount of water required to refill the reservoir to a pre-defined level, which can be faster.  
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Materials and growing conditions 
All three experiments were conducted in a shade house, with solarweave covers that 
exclude rain in Gatton, Queensland, Australia (-27°55'41.4"S, 152°33'94.4"E). Eleven wheat 
genotypes were grown in the experiments: (i) seven varieties from varying genetic 
backgrounds (Babax, Drysdale, Hartog, Mace, Scout, Seri M82 and Suntop), which were 
known to contrast for TE and vary for phenology; and (ii) four near isogenic lines (NILs) 
Figure 3.1 - ‘Pot in Bucket’ system 
a A schematic diagram of the system, b a photograph where the bucket has a section removed to exhibit the 
capillarity mat that allows water to be taken up from the bucket to the soil in the pot, as well as the float valve, 
which controls the water level in the bucket, and c a photograph and d diagram of the float valve, where the 
micropipette tip can be blocked by the polystyrene float to stop the water flow from the water reservoir, and 
thus controls the water level in the bucket. Adapted from Fletcher et al (2018) 
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contrasting in CID to test the ability of the system to phenotype changes in TE which are 
likely to be more subtle. The NILs were produced following an initial cross of the low CID 
variety Quarrion to high CID variety Hartog and then three further rounds of crossing to the 
recurrent parent Hartog with selection of backcross-derived progeny for CID. In total, four 
rounds of crossing to Hartog produce BC3-derived NILs varying for CID. In previous well-
managed, irrigated field experiments, NIL11 and NIL28 exhibited low CID and are expected 
to have a high TE; while NIL63, and NIL113 exhibited high CID, and are expected to have 
a low TE. 
 
The 11 genotypes were sown on May 6 (Exp. 1), June 16 (Exp. 2) and July 14 (Exp. 3) 2015 
using five pots per genotype and two plants of the same genotype per pot (four seeds sown 
and thinned to two plants). Plants were grown using the PIB system with unrestricted access 
to water in a red silty-clay soil collected from the Redland Bay Department of Agriculture 
and Fisheries Research Station (27°31'42.4"S 153°14'47.2"E). The soil was mixed 
Figure 3.2 – Photograph showing the ‘Pot in Bucket’ system in use  
The PIB system in use, with wheat grown in pots to the left, supplied with water from the white buckets 
below (which contains the float valve and water table. On the right, water reservoirs connected to the 
float valve via a siphon tube 
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thoroughly with 2.8g/L of Osmocote “All Purpose” fertiliser (NPK of 21.2:1.9:5.7). When 
seedlings had emerged, a 2 cm layer of white polyurethane beads was applied to the soil 
surface in each pot (between 7-14 days after sowing) to reduce moisture loss through 
evaporation, as well as inhibiting weed growth.  
 
Design 
A complete randomized block design was used having blocks of 55 pots, each block 
consisting of five-pot replicates of each genotype, were used for each harvesting time and 
each experiment (Table 3.1). Pots used for measurements were surrounded by border pots 
to reduce ‘border effects’ (Rebetzke et al., 2014a). For each experiment, an additional three 
pots with no plants were used to measure any background moisture loss (e.g. remaining soil 
evaporation). 
 
Environmental measurements 
Air temperature (Tair) and atmospheric relative humidity (RH) were measured using a 
Vaisala HMP60 sensor (Vaisala, Helsinki, Finland), and light radiation was measured using 
a radiation sensor (Apogee Instrum ents, Providence, Utah USA) at 2 m from the soil, 
recording every minute with an average every 10 minutes. Vapour Pressure Deficit (VPD) 
was calculated as follows (Alduchov and Eskridge, 1996): 
VPD = 0.61078 * (1- RH/100) * exp(17.269*Tair/(Tair+237.3)) eq(1) 
 
Plant measurements 
Measurements of plant water use were made weekly from 25 days after sowing (stage ‘4 
visible leaves’) until harvest. Prior to 25 days, soil imbibition with water (after sowing), soil 
evaporation (mainly before the addition of a layer of plastic beads on soil surface) and very 
small transpiration rate from seedlings prevented accurate and reliable measurements of 
transpiration. 
 
Weekly observations of plant development were made on the main stem of one plant from 
each of the pots of the last-harvested block from experiment 1 (E1H6) and from all of the 
pots from experiments 2 and 3 (E2H1 and E3H1). Measurements included the number of 
visible green leaves, number of dead leaves, tiller number, stem number, and Zadoks score 
for the main stem (Zadoks et al., 1974). 
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Plants were harvested approximately every fortnight from 40 days after sowing in 
experiment 1, with the exception of the final harvest, which occurred 6 days after the 
previous harvest (i.e. 14 days after the trial-average of the main-stem flowering time; Table 
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3.1). In experiments 2 and 3, all plants were harvested approximately 1000oCd after sowing, 
i.e. after the flag leaf was fully expanded for most genotypes (Table 3.1).  
  
At each harvest, plants were cut at the soil level and dissected into the main plant 
components: green leaf blades, senesced blades, stems and sheaths, and spikes. Leaf area 
of the green blades was measured using a leaf area meter (LI-3100C; LI-COR, Inc., Lincoln, 
Nebraska USA). Roots were collected by carefully removing the soil substrate using a hose 
fitted with a fine spray head and gently teasing the roots apart. Due to the highly dispersible 
nature of the soil used in this experiment, the roots did not require excessive manipulation 
to remove soil particles, which can often result in inadvertent loss of roots. Once separated, 
all plant material was oven dried at 70oC for five days, and then weighed to record dry 
biomass. 
 
Estimation of transpiration efficiency 
Transpiration efficiency was calculated as the ratio of dry (unless otherwise stated, e.g. in 
Appendix 6) biomass per cumulative gram of water transpired from 25 days after sowing 
until harvest. The cumulative transpiration per pot was calculated as the total amount of 
water removed from each water reservoir, minus the average cumulative water lost from the 
three water loss control pots without plants in each experiment, for the period considered.  
 
Data analysis 
T-tests were applied to determine confidence interval and compare genotypic differences (P 
= 0.05). Least significant differences (LSD) were calculated to group genotypes with similar 
TE (P = 0.05). A series of bivariate linear models were performed to estimate phenotypic 
correlations between experiments and harvests, thus providing a measure of the strength of 
the agreement in genotype rankings between experiments and harvests. All data analyses 
were performed using the R software environment (R Core Team, 2018). 
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Results 
Similar variability for shoot and whole-plant transpiration efficiency 
In cereals, transpiration efficiency (TE) is typically measured at flowering or soon after, prior 
to the main period of leaf senescence. When harvested eight days after the trial-average 
flowering time of the main head (E1H5), the 11 studied genotypes had a relatively wide 
range of TE, with shoot TE (i.e. excluding the roots) varying from 4.5 to 6 g kg-1, and whole-
plant TE ranging from 5.6 to 7.5 g kg-1 (Figure 3.3). Significant differences (P < 0.05) among 
genotypes were found for both whole-plant and shoot-only TE, with Scout, Suntop, NIL 28 
and NIL 11 having the greatest TE, while Babax, and particularly Mace, were the less water 
efficient (Figure 3.3).  
 
Whole-plant and shoot TE were highly correlated (r = 0.89; Figure 3.4) and the ranking of 
genotypes for the two traits was generally consistent across harvests and experiments. As 
whole-plant and shoot TE were so closely correlated, results for shoot TE only are presented 
elsewhere. 
 
Genotype ranking for TE is relatively stable when harvesting occurs at or following the 
flag-leaf stage 
In the first experiment (Figure 3.5; Table 3.2), TE across genotypes was analysed for 
harvests from the trial-mean 6-leaf stage (E1H1) to 14 days after trial-mean flowering time 
for the main head (E1H6), i.e. before major leaf senescence. At the 6-leaf stage (E1H1), 
genotypic differences for TE were mostly not significant (Table 3.2), most likely due to the 
small plant size and their limited water use, which made differences in TE difficult to capture. 
As a result, data from this first harvest (E1H1) were excluded from the analysis. The first 
significant genotypic differences in TE were detected 912oCd after sowing (E1H2), at the 
trial-mean 8-leaf stage (Zadoks stages varied from 16 to 18 among genotypes).  
 
Genotype rankings were relatively stable for TE for all the harvests from flag leaf (i.e. Zadoks 
37-39) to 14 days after the trial-mean flowering time of the main head (Table 3.3, Figure 3.4 
and S2; E1H3-E1H6). TE measured at harvest 2 (E1H2) had a correlation coefficient of only 
0.38 with the harvest performed soon after flowering (E1H5; Table 3.2). By contrast, 
correlation coefficients of harvest 3 (E1H3) onwards with the reference harvest E1H5 near 
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flowering were above 0.7 (Table 3.3). This suggests that while significant differences in TE 
can be detected around the 8-leaf stage, 912oCd after sowing (E1H2), better discrimination 
among genotypes can be achieved two weeks later, 1127oCd after sowing (E1H3), from the 
flag-leaf stage onwards. 
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Figure 3.3 - Whole-plant (shoots plus roots) and shoot-only transpiration efficiency for all 11 
genotypes studied 
Data for a harvest 8 days after the trial-mean flowering date of the main head in experiment 1 (E1H5), 
and for b all harvests and experiments (excluding E1H1). Error bars represent confidence interval at 
P = 0.05 (n = 5) 
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Overall, genotype rankings for TE were similar, regardless of time of measurement from 
harvest 2 (E1H2) to 6 (E1H6). However, a time greater than approximately 1000oCd (i.e. 
flag-leaf stage) was required for TE to be highly correlated with TE measured around 
flowering.  
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Figure 3.4 - Whole-plant transpiration efficiency versus shoot transpiration efficiency for all 11 genotypes 
studied 
The figure includes individual-pot data from all the harvests and experiments, except the two earliest 
harvests from Experiment 1 (E1H1 and E1H2), for which biomass accumulation and water use were low, 
and the root biomass harder to measure accurately. For information, when only data from E1H1 was 
excluded the relationship had a r2 of 0.815. The 1:1 relationship is represented by the hatched line 
 
 
 Mean shoot TE (g kg-1) 
Genotype E1H1 E1H2 E1H3 E1H4 E1H5 E1H6 
Suntop 12.05a 4.49a,b 4.98b,c 6.40a 5.89a,b 5.72b,c 
NIL28 9.78b 4.07c,d 5.57a 6.37a 5.94a,b 6.10a 
Scout 9.02b,c 4.75a 5.27a,b 5.95b,c 5.99a 5.58c,d 
Drysdale 9.55b 3.94c,d,e 4.68c,d 6.17a,b,c 5.81a,b,c 5.87a,b 
NIL11 9.64b 3.35g 5.22a,b 6.07a,b,c 5.86a,b,c 5.65b,c,d 
Hartog 9.42b 3.60e,f,g 5.60a 5.99b,c 5.64b,c,d 5.49c,d 
NIL63 8.52b,c 4.15b,c 4.95b,c 5.96b,c 5.64b,c,d 5.44d 
SeriM82 9.66b 3.80d,e 4.46d,e 5.89c 5.56c,d 5.17e 
NIL113 7.84b,c 3.88c,d,e 4.73c,d 6.23a,b 5.71a,b,c 5.65b,c,d 
Mace 8.72b,c 3.78d,e,f 4.07e 4.93e 4.50e 4.11f 
Babax 7.40c 3.44f,g 4.25e 5.42d 5.30d 5.17e 
 
Table 3.2 – Mean shoot transpiration efficiency (g kg-1) for all 11 studied genotypes for the six harvests 
of experiment 1 
Superscript letters represent genotype groups that were not significantly different based on least significant 
difference (LSD, P = 0.05) 
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Ranking of genotypes is maintained across environments for early estimates of TE 
Two experiments were performed with later sowings to assess how stable genotype 
rankings are across environments, when harvest occurs after the flag-leaf stage, around 
1000oCd after sowing. Lower TE (Figure 3.6) was observed in both later-sown experiments 
(E2H1 and E3H1) compared to TE measured at a similar phenological stage in experiment 
1 (E1H3), likely due to greater evaporative demand (i.e. higher VPD) in these later-sown 
experiments (Table 3.1). As in experiment 1, significant genotypic differences were 
observed in experiments 2 and 3 (E2H1 and E3H1; Table 3.4 and Figure 3.6). Importantly, 
genotypic values of TE in experiments 2 and 3 were significantly correlated with those from 
experiment 1, and in particular with the reference harvest, which occurred soon after the 
trial-mean flowering time of the main head (E1H5) (correlation of 0.73 and 0.79, respectively; 
Table 3.3). Note that E3H1 (harvested at 905oCd after sowing) was strongly correlated with 
TE measured around flowering (r = 0.79; E1H5) while E1H2, which was harvested in similar 
conditions (harvested at 912oCd) was not (r = 0.38), thus illustrating the impact that 
environments can have on the results. In this case, plants from E1H2 had experienced a 
lower VPD than E3H1 plants on average (Table 3.1) and particularly towards the time of 
harvest, when growth rate and transpiration rate were at their maximum (data not shown).  
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Figure 3.5 - Genotypic variations in shoot transpiration efficiency over thermal time  
Data for all harvests of Experiment 1, with the exception of harvest 1(E1H1), for which the small size of the 
plants (6-leaf stage for the trial average) and their limited water use make differences in TE difficult to capture. 
For clarity, only five of the 11 genotypes were presented in this figure. Error bars represent confidence interval 
at P = 0.05 (n = 5). See Appendix 4 for all genotypes 
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TE can be estimated over shorter periods if estimated later in the crop cycle 
Transpiration efficiency was also estimated between the different harvests to look at the 
accuracy of such estimates (Table 3.5). High correlations of TE with the reference (i.e. TE 
measured soon after the main-head flowering, E1H5) were consistently found for water use 
measurements taken over three weeks or more. This indicates that it is possible to only 
measure water use and plant growth over a short period of time to identify line differences 
in TE, as long as (i) the plants are big enough (here from harvest 1 onwards, i.e. from the 6-
leaf stage) and (ii) plant biomass is estimated at the beginning of the measurement period.  
 
Can the Pot-in-Bucket method be used for non-destructive measurement of biomass and 
TE?  
Non-destructive estimates of root and shoot fresh biomass and TE were tested against 
measurements from harvested plants to assess their accuracy. In the Pot-In-Bucket system, 
 
 
E1H1 E1H2 E1H3 E1H4 E1H5 E1H6 E2H1 E3H1 
E1H1 1 0.39 0.38 0.52 0.39 0.33 0.56 0.52 
E1H2 0.39 1 0.25 0.35 0.38 0.27 0.79 0.57 
E1H3 0.38 0.25 1 0.69 0.73 0.72 0.60 0.56 
E1H4 0.52 0.35 0.69 1 0.92 0.94 0.73 0.79 
E1H5 0.39 0.38 0.73 0.92 1 0.95 0.73 0.79 
E1H6 0.33 0.27 0.72 0.94 0.95 1 0.65 0.79 
E2H1 0.56 0.79 0.60 0.73 0.73 0.65 1 0.85 
E3H1 0.52 0.57 0.56 0.79 0.79 0.79 0.85 1 
 
Table 3.3 – Correlations between mean shoot transpiration efficiency measured for different 
harvests from each experiment. 
 
 
 
 Mean shoot TE (g kg-1) 
Genotype Experiment 1 (E1H3) 
Experiment 2 
(E2H1) 
Experiment 3 
(E3H1) 
Suntop 4.98b,c 4.44a,b 4.18a 
NIL28 5.57a 4.42a,b 3.97a,b 
Scout 5.27a,b 4.61a 3.97a,b 
Drysdale 4.68c,d 4.29b,c 4.12a,b 
NIL11 5.22a,b 4.02c,d 3.92b 
Hartog 5.60a 3.81d,e 3.54c,d 
NIL63 4.95b,c 4.24b,c 4.13a,b 
SeriM82 4.46d,e 3.93d 3.47c,d 
NIL113 4.73c,d 4.02c,d 3.68c 
Mace 4.07e 3.59e 3.19e 
Babax 4.25e 3.21f 3.36d,e 
 
Table 3.4 – Mean shoot transpiration efficiency (g kg-1) for all 11 studied genotypes for harvests 
soon after the flag-leaf stage, around 1000oCd after sowing, in the three experiments (i.e. E1H3, 
E2H1 and E3H1). 
 
Superscript letters represent genotype groups that were not significantly different based on least significant 
difference (LSD, P = 0.05) 
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pot weight was recorded (i) initially, after full wetting of the soil; (ii) at harvest with the plant 
in the pot; and (iii) at harvest after cutting the above-ground biomass to estimate the fresh 
biomass of the roots (iii – i), shoots (ii – iii) and whole plants (ii – i), as well as TE for fresh 
biomass. Such whole-pot estimates for root, above-ground, and whole-plant biomass were 
correlated both with (i) fresh biomass (e.g. for E1H6: roots, r = 0.71; shoots, r = 0.95; whole-
plant, r = 0.94; Appendix 6a, c and e), and (ii) dry biomass (e.g. for E1H6: roots, r = 0.65; 
shoots, r = 0.95; whole-plant, r = 0.91; Appendix 6b, d and f) at each particular stage (data 
only shown for E1H6).  
 
By contrast, estimates for TE derived from pot weight were poorly correlated with the ones 
estimated from measured plant biomass (r < 0.24 for whole plant TE; Appendix 6g and h). 
Hence, in the conditions tested, the accuracy of TE estimates derived from pot weight was 
insufficient to compare genotypes.  
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Figure 3.6 - Genotypic variations in shoot transpiration efficiency measured at ~1000oCd after sowing, 
across experiments  
Measurements for three experiments (i.e. E1H3, E2H1 and E3H1) are shown. For clarity, only five of the 11 
genotypes were presented in this figure. Error bars represent confidence interval at P = 0.05 (n = 5). See 
Appendix 5 for all genotypes 
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Considered 
period 
Duration of the 
considered period 
(days) 
TE correlation 
with E1H5 
E1H1-E1H2 14 -0.13 
E1H2-E1H3 14 0.73 
E1H3-E1H4 15 0.13 
E1H4-E1H5 15 0.16 
E1H5-E1H6 6 0.18 
E1H1-E1H3 28 0.63 
E1H2-E1H4 29 0.77 
E1H3-E1H5 30 0.90 
E1H4-E1H6 21 0.83 
E1H3-E1H6 36 0.91 
E1H1-E1H4 43 0.90 
E1H2-E1H5 44 0.94 
E1H1-E1H5 58 0.97 
E1H2-E1H6 50 0.92 
E1H1-E1H6 64 0.92 
 
Table 3.5 – Correlations between (1) the shoot transpiration efficiency calculated between harvest 
from the first experiment (first column) and (2) the reference shoot transpiration efficiency, i.e. for the 
harvest performed soon after flowering (E1H5) 
 
The duration between the considered harvests is presented in days. For each considered period, TE of each 
genotype was calculated as the difference of the genotypic mean biomass between the final harvest and initial 
harvest, divided by the genotypic mean water use between those two harvests (n = 11). 
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Discussion 
Is it necessary to include root biomass when ranking genotypes for TE? 
In the conditions tested in this study, TE for whole-plant biomass (including roots) was 
closely correlated with TE for above-ground biomass from the 8-leaf stage onwards (Figure 
3.4; r = 0.89). Similar results have been found in other conditions in wheat and in sorghum 
(Sorghum bicolor (L.) Moench; Chenu et al., 2018). Root extraction is a labour-intensive 
process, and it often results in small amounts of fine roots being lost during washing, 
introducing error into root biomass estimates (Hupe et al., 2016) and thus also whole-plant 
TE estimates. While the Pot-in-Bucket system presented here allows estimation of whole-
plant biomass from pot weight measurement over time (Appendix 6; Hunter et al., 2017), 
those estimates were not precise enough to provide useful estimates of TE in the conditions 
tested (Appendix 6g and h). Overall, given the high correlation between shoot and whole-
plant TE and the practical difficulties that come with root-biomass estimation, shoot TE 
appears as an appropriate target for genetic and breeding purposes. 
 
However, genotypic differences in biomass partitioning to roots have been observed under 
well-watered conditions in crops such as wheat, sorghum and maize (Zea mays L.), which 
means that the exclusion of the roots could potentially affect the ranking of genotypes for 
TE (Chenu et al., 2018). In the present study, some variation in genotype ranking between 
shoot TE and whole-plant TE was observed for specific conditions (Figure 3.4; data not 
presented). In sorghum, significant genotype by environment (G×E) interactions have been 
reported for shoot TE, but not for whole-plant TE, thus illustrating the potential importance 
of including roots in the calculation of TE (Xin et al., 2009). Hence, considering root biomass 
may be important for detailed physiological studies.  
 
Do environmental conditions and trial duration affect genotype ranking for TE? 
Trial duration and growing conditions affected TE (Figure 3.5 and Figure 3.6). While TE 
estimates changed over time (Figure 3.5 and Appendix 4), genotype rankings for TE 
remained consistent from the flag-leaf stage (E1H3) through to two weeks after flowering 
(last studied harvest) in experiment 1 (E1H6; Table 3.3, Figure 3.5 and Appendix 4). This 
suggests that a trial should run at least up to the flag-leaf stage (i.e. 900-1000oCd after 
sowing; but before major leaf senescence) to allow accurate screening of TE in wheat. 
  
The studied genotypes varied for phenology (Table 3.1). In the proposed method, all 
genotypes were harvested at a common date for each harvest (reported stages in the text 
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are given for the average across genotypes). By doing so, genotypes grew in the same 
environmental conditions, and did not experience different environmental conditions towards 
harvest, when plants are the biggest and transpire the most, i.e. when environmental 
conditions have the greatest impact on TE. That said, TE of genotypes harvested at the 
same stage (flowering) or at the same date (at flag leaf) were also relatively highly correlated 
(0.57) in a set of genotypes varying by 30 days for flowering (Chenu and Fletcher, 
unpublished data). Overall, harvesting all genotypes at the same time is simpler than 
targeting specific stages, and it allowed genotype ranking to be maintained across 
experiments. Thus, the proposed method was found suitable for screening genotypes with 
different phenology. 
 
In terms of the effect of environmental conditions, TE tended to be lower for higher VPD 
conditions (e.g. for similar stages: E2H1 and E3H1 compared to E1H3; Table 3.1 and Figure 
3.6). Importantly however, the genotype rankings observed in all of these conditions were 
highly correlated (Table 3.3). Other studies have reported non-significant G x E interactions 
for TE under well-watered conditions ((Haefele et al., 2009) for rice (Oryza sativa L.); 
(Mortlock and Hammer, 1999), (Vadez et al., 2011a) and (Chenu et al., 2018) for sorghum). 
Even in studies where significant G x E interactions for TE were observed, these interactions 
were still smaller than the genotypic main effect (in peanut (Arachis hypogea L.) 
(Krishnamurthy et al., 2007); in sorghum (Xin et al., 2009) and (Vadez et al., 2011b)). Thus, 
the method proposed should be suitable for other species as well. 
 
Genotypic TE differences were enhanced in experiments 2 and 3 (Figure 3.6 and Appendix 
5), probably because of greater VPD. This agrees with previous reports of more detailed 
analyses of VPD effects, which have shown that increased VPD tends to increase TE 
differences among genotypes (Ryan et al., 2016; Chenu et al., 2018). Given the response 
of transpiration rate to VPD (Schoppach and Sadok, 2012), low VPD conditions and/or small 
plant size (e.g. E1H2, E1H3) result in limited transpiration, while higher VPD conditions 
typically result in increased transpiration (e.g. with a lower leaf area, plants in E3H1 (higher 
VPD) transpired more than larger plants in E1H3 (lower VPD) at a similar developmental 
stage; Table 3.1). In addition, genetic variation for transpiration rates is typically greater 
under high than under low VPD (e.g. (Schoppach and Sadok, 2012; Ryan et al., 2016)), 
possibly resulting in higher genetic variations for TE (Ryan et al., 2016; Chenu et al., 2018). 
Hence, high VPD conditions may allow earlier discrimination of the genotypic variability for 
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TE at least if the genotypic variation for this trait is mainly driven by variation in limited 
transpiration at high VPD. 
  
Measuring biomass accumulation and water use for shorter windows of time later in the 
vegetative period, did not substantially affect the genotype ranking for TE. Hence, TE 
measurements could be made over shorter time periods (21 days minimum here) if plant 
biomass is estimated at the beginning of the period (Table 3.5). 
 
Overall, while sowing time did affect the absolute value of TE, it had little impact on genotypic 
rankings. Importantly, it was identified that a minimum period of about 900-1000oCd (flag-
leaf stage) is required to identify genotypic differences in TE. Furthermore, discrimination 
for TE among genotypes was enhanced under higher VPD conditions. 
 
An interesting method to assist breeding for drought-prone regions  
After the flag-leaf stage, the genotype ranking for TE is relatively stable. While trials to 
phenotype TE typically run up to flowering or a bit longer (e.g. (Fletcher and Chenu, 2015; 
Chenu et al., 2018)), shortening the trial duration up to the flag-leaf stage means that, at 
least in wheat, multiple experiments may be conducted in the same space within a single 
season, greatly increasing the potential throughput of a screening platform. In this study, 
trial duration was shortened by a third compared to the reference period to near flowering 
(E1H3 vs E1H5), so that two experiments (experiments 1 and 3) could easily carried within 
the usual Australian wheat growing season.  
 
The Pot-in-Bucket system allowed accurate non-destructive estimations of plant biomass 
(Appendix 6a-f) by measuring the increase in pot weight (i.e. difference between an empty 
pot with fully-wetted soil, and the same pot with the grown plant). However, those non-
destructive biomass estimates did not result in accurate estimations of TE (Appendix 6g and 
h). Doing the measurements early morning before shoot water content drops could improve 
the results. Alternatively, shoot biomass could be estimated via image analysis (e.g. 
(Pereyra-Irujo et al., 2012); (Vadez et al., 2015)). A method allowing non-destructive 
measurements of biomass (and thus TE) would allow an integrative phenotyping-breeding 
process, with TE being phenotyped at the flag leaf, and plant crossed later, at flowering (e.g. 
(Richard et al., 2018)). 
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While the Pot-in-Bucket system does not allow screening under limited soil-water conditions, 
the system has value for plant breeding for drought-prone regions as TE in well-watered and 
drought-stressed conditions have been found positively correlated (P < 0.01) in wheat 
(Condon et al., 1990). In these circumstances, screening under favourable conditions could 
be preferable as it maximises variation among genotypes and increases heritability 
(Richards et al., 2010). In addition, the Pot-in-Bucket system can be set up in controlled 
environments to study tolerance to high temperature and/or elevated CO2. Hence, the Pot-
in-Bucket system appears appropriate (i) for breeding for drought-prone regions, particularly 
where crops rely heavily on stored soil water (Condon et al., 2002; Condon et al., 2004; 
Sinclair, 2005; Chenu et al., 2018), and (ii) to study impacts of factors associated with global 
warming on TE. 
 
A screening method for low-resource breeding programs  
The Pot-in-Bucket system is a low-cost, low-technology method that can be scaled up to do 
high-throughput phenotyping of TE in wheat or other crops with particular relevance to 
developing countries, such as rice and barley or bigger crops such as maize and sorghum, 
when using bigger ANOVA® pots (van Oosterom, unpublished data). While expensive high-
throughput systems requiring state-of-the-art technology are appropriate for measuring TE 
in developed countries or in international research institutes (e.g. Australia (Chenu et al., 
2018); Europe (Ryan et al., 2016); ICRISAT (Vadez et al., 2015)), these technologies are 
not appropriate for crop improvement programs where resources and technologies are more 
limited. Cheaper phenotyping platforms such as the one proposed by Pereyra-Irujo et al. 
(Pereyra-Irujo et al., 2012) can be manufactured, but they still require a certain level of 
engineering.  
 
The Pot-In-Bucket system presented here is a transferable concept that does not require 
any specific skilled labour and could readily be implemented anywhere in the world 
(Appendix 3). The technology is simple and cost effective, enabling the system to be built 
and maintained effectively. The system is however relatively labour intensive for its 
construction, maintenance and usage. For example, in this study, monitoring and recording 
of water use required one person for one day per week, and the harvesting of plants was 
also manual. The method thus appears be particularly effective for small experiments in 
most countries, and for medium-to-high throughput experiments where the cost of labour is 
relatively low. Cheap, low-technology and scalable methods, such as clear-pot root 
phenotyping platform (Richard et al., 2015) have already successfully been transferred to 
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developing countries. By leveraging the low cost of labour, the Pot-In-Bucket system could 
be effectively deployed in developing nations to enable crop improvement programs to 
screen the extent of genetic diversity for TE in their germplasm collections, ultimately 
enabling the mapping of genes associated with TE.  
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Conclusions 
Harvests of wheat genotypes differing in phenology were performed every fortnight in a Pot-
in-Bucket system to identify the minimum period required to get accurate and robust 
estimates of transpiration efficiency (TE). Measuring TE at early stages of plant development 
(before 8-leaf stage) did not allow confident discrimination among genotypes as the small 
amount of water used, and small plant biomass produced, led to poor TE estimates. Only 
when harvesting at or after the flag-leaf stage was significant variation in TE detected with 
relatively consistent genotype ranking. Environmental conditions resulting from different 
sowing times affected the absolute value of TE but had little influence on the genotype 
ranking for TE. Genotypic discrimination for TE was enhanced in high VPD conditions. 
Furthermore, measuring root biomass did not appear to be necessary to estimate TE for 
genetic and breeding purposes, as whole-plant TE and shoot TE were highly correlated. 
 
The shortening of TE-screening trial can allow multiple trials in a season, which can 
effectively multiply the throughput of any given TE phenotyping platform.  
The low-cost, low-technology and high-throughput Pot-in-Bucket method should enable 
breeding programs with limited resources, e.g. in developing countries, to screen their 
germplasm for variation in TE to improve drought adaptation in wheat and other crops. 
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Chapter 4: Genetic controls for transpiration efficiency in a nested association 
mapping population 
 
Introduction 
Growing population will put greater pressure on food producers to maintain or increase food 
productivity in environments which are predicted to be warmer and drier (Potgieter et al., 
2013). To meet demand and maintain food security, greater emphasis needs to be placed 
on increasing the efficiency with which our finite resources, such as water, are being used, 
particularly when rainfall is also predicted to be much more variable in the coming decades 
(Watson et al., 2017). There are several ways to increase water use efficiency, from 
changing management practices or implementing new irrigation technology, to improving 
the inherent efficiency of the crop. At the plant level, TE is a particularly interesting trait for 
breeders as it could potentially improve yields in environments where rainfall or water input 
is limited. Due to its well established relationship with TE, CID has been studied extensively 
in the past as a proxy trait for TE (Farquhar et al., 1982; Farquhar et al., 1989; Condon et 
al., 1990; Condon and Richards, 1992; Henderson et al., 1998; Dillen et al., 2008; Khazaie 
et al., 2011) and multiple QTL for CID in wheat have been reported (Rebetzke et al., 2008; 
Mora et al., 2015). As TE has been historically difficult to measure at the plant level for the 
full duration of plant growth in experiments with large numbers of genotypes, there has been 
limited work published on the genetics or underlying physiology of TE where it has been 
measured directly. Using new phenotyping techniques to rapidly screen large breeding 
populations for TE and other related traits should be able to accelerate breeding progress 
to improve yields in drought prone areas. 
 
In conventional breeding, introducing new genetic material could involve making crosses 
with an exotic parental line, selecting heavily for the desired trait and then making several 
back-crosses in order to fix the desired trait into the desired genetic background. This 
process can be time consuming and takes several generations over several years to achieve 
the desired result (Araus et al., 2008). A more rapid approach is to use marker assisted 
selection (MAS) to introduce desirable genetic material in a highly specified and deliberate 
manner. More sophisticated genome analysis and editing tools are relatively new and have 
historically been inaccessible for widespread use in commercial breeding programs (Fleury 
et al., 2010). In the last decade, there have been rapid advances in gene editing technology 
available to breeders. These range from faster and cheaper gene sequencing technology 
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for QTL detection, to relatively simple gene editing tools such as CRISPr-cas9 for precise 
gene manipulation (Qiwei et al., 2014; Nannas and Dawe, 2015).  
 
Genome wide association studies (GWAS) are an effective method to identify markers with 
genetic variation that are associated with expression of a particular phenotypic trait (Price 
et al., 2010; Segura et al., 2012). There are many different approaches to GWAS, each with 
advantages and limitations that typically depend on the structure of the population being 
considered. Kinship is the pairwise relatedness of all individuals within the population; how 
genetically similar any given genotype is with any other genotype within the population. 
Population structure and kinship can be confounding factors for GWAS if they are not 
properly integrated (Yu et al., 2006). Closely related genotypes are expected to have very 
similar genomic data. In highly related individuals, relatively minor genetic differences 
associated with genetic variation for a given trait can be detected by GWAS. However, if low 
resolution genetic information is used or the genotypes being tested have very few 
polymorphisms, meaning very few markers are available to test between genotypes, this 
may result in coincidental polymorphisms being falsely detected as functional 
polymorphisms (Hoffman, 2013). For structured populations, introducing a metric for kinship 
and relatedness can thus provide additional power to detect QTL of minor affect by allowing 
the correlation of genomic regions with the phenotypical performance of a trait to be 
assessed taking into account the degree of kinship between genotypes (Yu et al., 2006). 
This kinship matrix helps determine whether the presence or absence of a QTL is functional 
or coincidental. The relatedness of individuals within a structured population can be 
quantified and included as a term in the model through the kinship matrix. This relationship 
matrix captures the high degree of similarity between closely related individuals, which 
would typically cause minor variations to be identified as QTL.  
 
The combination and leverage of genotypic and phenotypic data as a driver of genetic gain 
and improvement in the context of animal and plant breeding is still a relatively new 
technology (Fleury and Whitford, 2014). Although the technique of combining observed data 
with genetic information has previously been used successfully in a number of applications 
involving human, animal and plant genetics to detect certain genetic defects or select for 
beneficial traits, the ability to detect new genes which confer relatively minor advantages is 
typically limited by small sample populations, confounding G x E interactions and limited 
power of detection (Fleury et al., 2010; van Eeuwijk et al., 2010; Fleury and Whitford, 2014). 
As TE is a complex trait affected by a number of physiological traits responding to 
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environmental conditions, G x E interactions can make it difficult to measure and can 
confound QTL detection (Sinclair, 2012). The effects of G x E can be controlled or accounted 
for to some extent by using controlled environment experiments or by having multiple test 
sites/environments to test for consistency of the data.  
 
In this chapter, a nested association mapping (NAM) population derived from crosses of 
multiple parents (Appendix 7), which have known variability for yield, drought tolerance and 
TE was used in experiments to elucidate the genetic basis of TE and other physiological 
traits related to biomass accumulation and water use. Genetic association mapping 
populations are often small and bi-parental, limiting the amount of genetic variability 
available to select for desirable traits and limiting the ability of statistical models to detect 
significant QTL. The NAM population used in this study is large and has multiple parents, 
and the families have a relatively high degree of relatedness, which is known to be a source 
of confounding effects and high false-positive rates in typical single-locus GWAS studies 
(Zhao et al., 2007; Segura et al., 2012). Multiple methods have been developed to try and 
account for population structure effects in GWAS studies, such as structured association 
(Pritchard et al., 2000), principal component analysis (Price et al., 2006) and mixed linear 
models (Yu et al., 2006). Structured association and principal component analysis both 
incorporate population structure into the model to resolve some of the confounding effects 
in populations with simple structures, however they have been shown to less effective in 
more complex and interrelated populations (Zhao et al., 2007). Mixed linear models are an 
advancement on this method, incorporating a random polygenic term with a covariance 
structure into the GWAS model. This controls for correlations between phenotypic 
performance and genetic relatedness between individuals (i.e. if two or more individuals are 
closely relatedness, they are expected to have similar genomes and thus similar 
performance; Yu et al., 2006). All of these methods use a single-locus approach, meaning 
that when complex traits controlled by multiple large effect loci are tested, fewer loci may be 
detected as the large effects could be assigned to only one loci (Segura et al., 2012).  
 
As TE is a complex trait and this study is investigating a complex structured population, a 
multi-locus mixed model (MLMM) method has been used to identify functional genes for TE 
and other physiological traits associated with drought tolerance. The benefit of the MLMM 
GWAS method is that it models for complex population structures and fits the effect of each 
QTL it identifies in an iterative model approach (Segura et al., 2012). For NAM populations, 
MLMM is more precise and efficient than several other GWAS techniques as it leverages 
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the kinship and population structure of the NAM population to better detect QTL with fewer 
false positives than some other techniques (Segura et al., 2012). This means that as each 
QTL is identified, a subsequent model is automatically generated which fits the effects of all 
previously identified QTL to account for their effects and allow other QTL of significance for 
the same trait to be identified.  
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Materials and Methods 
Overview 
Two experiments were conducted using the Suntop NAM (Su-NAM) population, which is 
subset from a multi-reference NAM population (MR-NAM; Appendix 7). Using the 
methodology described in Chapter 3, both experiments were carried out consecutively in a 
single season using two consecutive short-duration trials (T16E1 and T16E2). An automated 
lysimetry platform, known as the ‘APAD’ (Figure 4.1; Chenu et al., 2018), was used, 
providing plants with constant access to water from a reservoir. This platform is housed in a 
polyhouse tunnel without temperature controls at The University of Queensland, Gatton 
Campus, Australia. The automated system allowed watering and weighing of pots to be set 
at regular intervals. Phenotypic data was collected weekly for the parental lines while all 
genotypes (Parent + NAM lines) were phenotyped at harvest. Above-ground dry biomass 
and water use from sowing until harvest (Table 4.3) were used to calculate TE per plant. 
Plants were harvested between the stages of flag leaf emergence and mid-booting (GS40-
45), according to the decimal growth stages (GS) described by Zadoks et al. (1974). BLUEs 
were estimated across both experiments on a genotype basis using ASReml, which assisted 
Figure 4.1 – APAD lysimetry platform 
a A schematic diagram of adapted Pot-in-Bucket system, b the reservoir is positioned on a load cell with the 
water receiver in line with the water outlet, c  a plastic film  was used to cover the soil, and d the pot was set 
inside the reservoir with the water outlet aligned with the water receiver, e the entire platform with yellow seed 
packets positioned on top of each pot ready to be sown, and f the platform with an established wheat trial, all 
pots on each bench (28 pots) are watered from a single solenoid. For more details, see Chenu et al. (2018). 
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in determining the extent and correcting for G x E interactions. The GWAS analysis was 
conducted using the MLMM technique described by (Segura et al., 2012).  
 
Nested Association Mapping (NAM) Population 
The NAM population used for this experiment was developed as part of a previous project 
which focused primarily on identifying root architectural traits that confer greater drought 
adaption in wheat (Richard, 2017). The Suntop reference (Su-NAM) population was used 
for this study, consisting of 457 F4-derived RILs derived from crossing Suntop with 10 donor 
parents with known variation for adaptation and traits of interest (Table 4.1). During the 
development of the Su-NAM population, genotypes were selected based on flowering time 
and plant height to be as consistent with Suntop as possible.  
 
Growing conditions in the lysimeter phenotyping platform 
The automated APAD transpiration phenotyping system is able to measure water use per 
pot by means of a calibrated load cell located underneath every pot (Figure 4.1b). There are 
 
Name Adaptation Target traits of interest 
Dharwar Dry Drought adaptation  
Adapted to rainfed wheat production in India, deep root 
system, stay-green phenotype (Manske and Vlek, 2002; 
Manschadi et al., 2008) 
Drysdale Heat tolerance High transpiration efficiency (Condon et al., 2004; Tausz-Posch et al., 2012) 
EGA Gregory Adaptation to nematodes 
High resistance to root lesion nematodes (Pratylenchus 
thornei, Queensland Wheat Variety Guide, 2014) 
EGA Wylie Disease resistance 
High levels of Fusarium crown rot resistance and black point 
tolerance (Queensland Wheat Variety Guide, 2014, Zheng et 
al., 2014)  
FAC10-16 Drought adaptation High levels of resistance to leaf rust (Riaz et al., 2016) and moderate resistance to yellow spot (Dinglasan et al., 2016) 
RIL114 Pre-harvest sprouting tolerance 
High levels of grain dormancy donated by DH70 parent 
(Hickey et al., 2009) 
SB062 Heat tolerance High levels of water-soluble carbohydrates (Olivares-Villegas et al., 2007; Dreccer et al., 2009) 
Seri M82 Drought adaptation  
Deep root system (Manschadi et al., 2006; Manschadi et al., 
2008), stay-green phenotype (Olivares-Villegas et al., 2007; 
Christopher et al., 2008; Manschadi et al., 2010) 
ZWB10-37 General adaptation High yield (CIMMYT-Australia-ICARDA Germplasm Evaluation (CAIGE) trials conducted in South Australia) 
ZWW10-128 General adaptation High yield (CIMMYT-Australia-ICARDA Germplasm Evaluation (CAIGE) trials conducted in South Australia) 
 
Table 4.1 – Founding wheat lines for the Suntop NAM and their agronomic and physiological characteristics. 
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a total of 560 load cells and pots. Each load cell was connected to a computer that recorded 
data and operated the watering system. As can be seen in Appendix 10, the platform is 
divided into 10 benches of 56 pots, with half of each bench (28 pots) being watered 
simultaneously from a single solenoid (Figure 4.1f). Pots were weighed automatically every 
10 minutes to measure water use over time. Daily water use was calculated as the weight 
of the pot+reservoir immediately after watering (which occurred once per day at 6am to 
ensure the soil and reservoir were at maximum capacity) minus the weight immediately prior 
to the next watering. The pots used in this experiment were 4L ANOVApots 
(http://www.anovapot.com/php/anovapot.php), and the reservoirs supplying constant water 
to the pot had a maximum capacity of 600 mL. 
 
The soil medium used for this experiment was the standardised UQ23 potting medium, 
composed of 70% composted pine bark (particle size ranging from 0-5mm) and 30% coco 
(coir) peat with a pH range of 5.5-6.5 (pH was balanced during mixing using iron sulphate 
heptahydrate if acidic or dolomite if alkaline). The following fertilisers were incorporated per 
cubic meter of potting media: 1 kg Yates Flowtrace fertiliser (24% iron, 0.75% copper, 0.5% 
manganese, 0.2% Zinc, 0.04% molybdenum and 0.33% boron), 0.4 kg superphosphate, 
0.03 kg copper sulphate,1 kg gypsum and 6 kg Scotts Osmocote® Plus Trace Elements 
Landscape Formula (73.6% nitrogen, 6.5% phosphorus and 1.9% potassium). The soil 
surface of all pots was covered using plastic cling film, held in place by a plastic collar 
inserted into the rim of the pot, to minimise the evaporation of water from the soil surface 
and to help control weeds. Four seeds were sown through cross-shaped holes cut in the 
film (Figure 4.1c). 
 
Experimental design 
Due to the size of the Su-NAM (457 RILs) and the limited capacity of the platform (560 pots; 
Appendix 10), two experiments were conducted consecutively in order to achieve adequate 
replication of genotypes. The 560 pots in each experiment were arranged in a two-
dimensional array of 28 rows by 20 columns across 10 benches. The trial was designed 
across the two experiments with complete replication of the parental lines, and partial 
replication of a different subset of Su-NAM RILs within each experiment. Replicate blocks 
were defined within each experiment to restrict the randomisation of the RILs that were 
replicated in two pots. This design allowed an average of 2.32 replicates per NAM genotype, 
while parental lines had 5-10 replications across the two experiments. The randomisations 
were generated in the model-based design package, od (Butler, 2018), in the R-software 
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environment (R Core Team, 2018). For each experiment 3 additional pots with no plants 
were used to measure any background moisture loss, e.g. evaporation from the soil surface 
through the holes cut in the plastic film (Figure 4.1c). 
 
Environmental measurements 
Air temperature (Tair) and atmospheric relative humidity (RH) were measured using a 
Vaisala HMP60 sensor (Vaisala, Helsinki, Finland), and photosynthetically active light 
radiation was measured using a photon flux radiation sensor (Apogee Instruments, 
Providence, Utah USA) at 1 m above the soil surface of the pots, recording every minute 
with an average every 10 minutes. Vapour Pressure Deficit (VPD) was calculated as follows 
(Alduchov and Eskridge, 1996): VPD =  0.61078 ∗ (1 −  RH/100) ∗ exp (17.269 ∗ Tair  Tair + 237.3 ) 
 
Plant traits 
The key plant traits measured were dry biomass of the above ground plant material (DW), 
cumulative transpiration per plant from sowing until harvest (Transp) as well as a subset of 
 
Measurement Unit Abbreviation Method of measurement Timing of measurement 
Biomass (Dry) (g) DW Plant above-ground biomass at harvest At harvest 
Cumulative transpiration (g) Transp 
Plant transpiration from sowing 
to harvest measured using 
APAD (load cells) 
Every 10 minutes (sowing to 
harvest) 
Cumulative transpiration 
for 7 days prior to 
harvest 
(g) Transp7 Measured using APAD (load cells) 
Every 10 minutes (7 days 
prior to harvest until harvest) 
Leaf area (cm2) LA 
The total green leaf area for all 
emerged leaves present per 
plant, measured using a LI-
COR LI-3100C Area meter 
At harvest 
SPAD - SPAD 
Average of 5 measurements 
taken with a SPAD 502 Plus 
Chlorophyll Meter at regular 
intervals along the flag (or 
latest fully extended) leaf  
Immediately prior to harvest 
Zadoks score - ZAD Observation using standardised Zadoks score Immediately prior to harvest 
Transpiration efficiency (g kg -1) TE 
Calculated as gram of biomass 
(dry) per kilogram of water 
transpired (cumulative) 
Biomass at harvest, 
transpiration cumulative of 
10-minute intervals from 
sowing until harvest 
Transpiration for 7 days 
prior to harvest per unit 
of leaf area 
(g/cm2) TRLA7 
Calculated as water transpired 
for the 7 days prior to harvest 
per unit of leaf area 
Cumulative transpiration of  
10-minute intervals from 7 
days prior to harvest until 
harvest, leaf area at harvest 
 
Table 4.2 – Description of measurements taken or calculated for each trait reported in this chapter 
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the cumulative transpiration per plant for the final 7 days until harvest (Transp7), total leaf 
area per plant at harvest (LA), leaf greenness at harvest (as a proxy for chlorophyll content; 
SPAD) and physiological development at harvest (Zadoks stage; Table 4.2).  
 
For T16E1, all plants per pot were harvested together, with plant biomass and leaf area 
being measured for all plants and then divided by the number of plants in the pot to 
determine the average value per plant. For T16E2, one plant per pot was harvested for 
detailed measurement (biomass and leaf area) while all other plants in each pot were 
harvested and pooled before total biomass was measured. The proportion of total plant 
biomass found in either the stems or leaves for the single plant from each pot was then used 
to calculate the stem and leaf biomass per pot. Leaf area was determined by removing all 
leaves from the single plant that had emerged from the stem sheath and measuring the area 
with LI-COR LI-3100C Area meter. Leaf area per pot was estimated by taking the proportion 
of total pot dry biomass found in the single plant and applying that to the single plant leaf 
area:  
𝐿𝐿𝐿𝐿𝑝𝑝 = 𝐿𝐿𝐿𝐿𝑖𝑖  ×  𝐵𝐵𝑝𝑝𝐵𝐵𝑖𝑖  LAp = Leaf area (all plants per pot), LAi = Leaf area (individual plant), Bp = Biomass (all plants per pot), Bi = Biomass (individual plant) 
 
Dry biomass (DW) was measured by drying all plants at 70oC for at least 3 days before 
weighing. Cumulative transpiration per pot (Transp) was calculated using the difference in 
combined pot and reservoir weight before and after watering each morning, minus the 
average cumulative water lost from the water loss control pots with no plant in each 
experiment, for either the whole trial duration (Transp) or for the final seven days before 
harvest (Transp7). Leaf greenness (as a proxy for chlorophyll content; SPAD) was 
measured once per pot immediately prior to harvest for either two plants per pot for parental 
lines or one plant per pot for all NAM lines. SPAD measurements were taken on either the 
flag leaf, or the latest (youngest) fully expanded leaf, by averaging five evenly spaced 
measurements along the leaf (between the leaf midrib and the leaf edge). Plant development 
was recorded weekly for two plants per pot of the parental lines, and at harvest for one plant 
per pot for all other NAM lines using the standard Zadoks plant growth scale as described 
by Zadoks et al. (1974). 
 
Transpiration efficiency (TE) was calculated as the ratio of dry biomass per cumulative 
kilogram of water transpired from sowing until harvest: 
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𝑇𝑇𝑇𝑇 =  𝐷𝐷𝑊𝑊
𝑇𝑇𝑊𝑊𝑊𝑊𝑒𝑒𝑢𝑢𝐶𝐶
 
 
Transpiration per unit of leaf area for the 7 days prior to harvest (TRLA7) was calculated as: 
 
𝑇𝑇𝑅𝑅𝐿𝐿𝐿𝐿7 =  𝑇𝑇𝑊𝑊𝑊𝑊𝑒𝑒𝑢𝑢𝐶𝐶7
𝐿𝐿𝐿𝐿
 
 
Modelling spatial and temporal variation to produce Best Linear Unbiased Estimates 
(BLUEs) for genotypic values  
The two experiments were conducted consecutively in a single season, meaning that they 
experienced different environmental conditions, but the statistical analysis could be 
undertaken across the experiments.  
 
For each trait, two steps were used to model the data (Appendix 11). First, a linear mixed 
model was used where ‘Experiment’ was fitted as a fixed effect and Genotype, Genotype by 
Experiment and experimental design factors of Replicate and spatial layout factors, row and 
column, were fitted as random effects. This first model was used to estimate the genetic 
correlation between experiments, by fitting a heterogeneous correlation model to random 
genotype effects across both experiments. This model was also used to identify any spatial 
effects due to pot position in each experiment, and any outlier pots within the data, where 
an outlier was defined as a pot with a standardised conditional residual error effect greater 
than 5 standard deviations from the mean of zero. Outliers were excluded from further 
analysis.  
 
In the second step, a linear mixed model was fitted with ‘Genotype’ and ‘Experiment’ fitted 
as a fixed effect. This model was used to predict the best linear unbiased estimates (BLUEs) 
for each trait on a Genotype basis (i.e. one BLUE per genotype across both experiments). 
All models were fitted as a linear mixed model in ASReml-R (Butler et al., 2009) in the R-
software environment (R Core Team, 2018).  
 
Genome Wide Association Study (GWAS) using Multi-Locus Mixed Linear (MLMM) models 
As part the of the development of the MR-NAM population used in this project, all lines were 
genotyped using the genome-wide DArTseq molecular marker system, which provided 
18,827 SNP markers. Cleaning and quality checking were conducted on these markers to 
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removing markers of poor quality or with missing information: SNPs were excluded with 
either (i) a heterozygote in at least one line (504 heterozygous SNPs), (ii) a minor allele 
frequency (MAF) for the entire MR-NAM population below 10%, (iii) more than 20% missing 
values, or (iv) a missing rate over 50% within any of the families.  
 
During the cleaning process, it was identified that there were considerable anomalies in the 
ZWW10-128 family genomic data, including a large number of heterozygotes where majority 
of alleles should be fixed. It was determined that the most likely cause of these 
heterozygotes was the parent seed for ZWW10-128 was not fully homozygous. ZWW10-
128 phenotypic data has been presented in this thesis (i.e. Figure 4.4), however the family 
(parents and all lines) were excluded from all further genetic analysis. 
 
Imputation of missing values was done in two stages. In the first stage, missing values for 
NAM lines were manually imputed where possible by observing the two parental lines and 
inferring the missing value (e.g. if both parents have an identical allele for a marker, the 
progeny must therefore have the same allele). Next, a Random Forest method was used to 
impute missing SNP values within the data frame (Breiman, 2001), predicting the most likely 
values for the missing SNP data based on the available information. Some missing values 
were imputed as heterozygotes, which were also removed after imputation. A final cleaning 
step was completed for the Su-NAM population genotypes to ensure all SNPs included in 
the analysis had a MAF of greater than 10% across the 457 genotypes included in this 
analysis. After cleaning of the 18,827 initial markers and imputation of the missing values, 
2446 markers were retained for use in the genotypic analysis (i.e. 12.99% of the original set 
of markers). 
 
The MLMM GWAS technique used in this study follows the protocol described by Segura et 
al. (2012) for the BLUEs produced via the ASReml models to correct for spatial and temporal 
variation. While genomic studies using various GWAS techniques have become much more 
common in recent years with the development of cheaper and more efficiency genome 
sequencing assays, most are unable to take into account complex population structures, 
such as kinship. This often leads to over estimation of test statistics and have a high false-
positive rate for QTL detection (Kang et al., 2008; Segura et al., 2012). One solution to this 
is to use a mixed model, including a random polygenic term with a covariance structure 
described by a relationship matrix (Kang et al., 2008). This allows correlations in phenotype 
to be matched to correlations in genotype relatedness, thus reducing the confounding effects 
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of population structure by allowing for pair-wise relatedness to be accounted for in the 
model. The second beneficial attribute of the MLMM method was to use a multi-locus 
approach to reduce confounding effects which occur when several loci of large effect are 
present, particularly in a structured population (Segura et al., 2012). MLMM uses a stepwise 
approach for GWAS, (1) using a process of forward inclusion to select the loci of greatest 
significance at each step, (2) including it as a co-factor in each subsequent step of the 
regression, and (3) re-estimating genetic and error variance at each step (Figure 4.2). These 
steps are repeated until genetic variance is mostly accounted for by the fitting of variance 
for random polygenic effect at each step. That is to say, the analysis is stopped once the 
variance ratio of random polygenic effects, relative to total genetic effects is close to zero. 
The GWAS analysis was undertaken in the R package MLMM (Segura et al., 2012) in the 
R software environment (R Core Team, 2018). 
 
Finally, the significance of the identified markers was tested in the observed data at a pot 
level by fitting a linear mixed model in the ASReml-R software package (Appendix 12). This 
model included terms for Experiment, NAM line, Family structure and all individual markers 
identified in MLMM as fixed effects. Predictions from this model gave the effect size and 
significance of each marker within the observed data, correcting for spatial and temporal 
variation as well as for population structure.  
 
Testing for segregation of markers was carried out by checking if polymorphism for a marker 
was present within each family, and whether the donor allele had a positive or negative 
effect for the respective trait. The size of each QTL was determined by selecting all markers 
within a +/- 100 cM range of each identified marker and testing each marker for significance 
by substituting them for the original marker in the multi-marker model one at a time. Markers 
which were still significant when substituted into the same multi-marker model as the original 
QTL marker were treated as potentially part of the same QTL. When determining which 
markers to include in the range of a QTL, the level of significance, density of significant 
markers and the distance from the original QTL marker were all considered. Markers 
significant at the 0.01 or 0.001 level and within 5 cM of the next highly significant marker 
(towards the original QTL marker), or markers significant at the 0.05 level and within <1 cM 
of the next marker (i.e. in a high density) were considered highly likely to be part of the same 
QTL, and are represented on the genome map (Figure 4.5 in results) by thick lines. Highly 
significant markers (p< 0.001) which were >5 cM but <15 cM from the previous significant 
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marker were still included in the genome map, however the lower level of confidence that 
these markers are part of the QTL is represented by thin lines. 
 
Bivariate analysis 
A bivariate analysis was conducted using plant transpiration and biomass, as they are the 
two component traits of TE. A further bivariate deviation analysis was conducted using 
deviation from the population family mean for plant biomass compared to cumulative 
transpiration, and for deviation from the population family mean cumulative transpiration 
compared to plant biomass. As TE is the derivative of both of these traits, examining the 
interaction of biomass and cumulative transpiration, this analysis can help reveal the trade-
offs between biomass and water use. This analysis was conducted in the R software 
environment (R Core Team, 2018). 
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Results 
Environmental conditions differed between experiments 
The two experiments conducted in the Australian wheat season during winter 2016 were 
performed under similar environmental conditions in terms of mean temperature, VPD and 
radiation when averaged over the duration of the experiments (Table 4.3). The duration of 
T16E2 was 9 days (124oCd) shorter than T16E1, however the mean water transpired by 
plants was 129g less in T16E1 than T16E2, equating to an average daily transpiration of 
28.7g and 36.3 in each experiment, respectively (Table 4.3). In the final 7 days before 
harvest, the average daily transpiration per plant was 85g for T16E1 and 123g for T16E2, 
which is an almost 45% increase in transpiration. This is likely due to the decreasing 
temperature and VPD patterns experienced by T16E1 during the vegetative stage and 
leading up to harvest, while T16E2 experienced an increasing pattern, particularly in the 
period immediately prior to harvest when plants were at their largest, resulting in greater 
photosynthesis and respiration, reflected in the higher mean cumulative water transpired 
(Figure 4.3 and Table 4.3). This would have also caused increased growth and faster 
physiological development, bringing booting time, and thus, harvest forward.  
 
 As T16E1 was sown much earlier in the season than T16E2, the environments they 
experienced at key developmental stages differed (Figure 4.3 and Table 4.3). As T16E1 was 
sown at the beginning of the season, mean daily temperatures exhibited a decreasing trend 
as the winter progressed (Figure 4.3). T16E2 experienced more stable mean daily 
temperatures than T16E1 during early development mid-winter. However, towards the end  
 
Figure 4.3 – Daily mean temperature and VPD of the 2016 Trials 
The two green bars represent to duration (days) of each trail. The black lines represent mean daily 
temperature while orange indicates mean daily VPD (daytime average). 
Temperature (oC) 
VPD (kPa) 
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of this trial, temperatures increased (Figure 4.3). Due to the early and late season sowing 
times for each experiment, the photoperiod varied widely from sowing to harvest for both 
experiments. These differences in environmental factors during plant development influence 
other plant stress factors, such as VPD, which is also known to be slightly higher in T16E2 
than in T16E1 (Table 4.3).  
 
Results for the two experiments were closely correlated  
Overall, the correlation between the two experiments was close for most key traits of interest 
with an estimated genetic correlation (r) from the linear mixed model analysis of >0.95 for 
transpiration, biomass, TRLA7 and leaf area; 0.79 for TE and 0.72 for SPAD (Table 4.4). It 
should be noted that while there were differences between the genotype means for each 
experiment (Table 4.3), the G x E interactions between experiments were low as the 
genotypes in both experiments were highly correlated (Table 4.4). Given this high level of 
genetic correlation (Table 4.4) and the similarities in environmental conditions experienced 
by T16E1 and T16E2, the data for both experiments was combined. Predictions from the 
linear mixed model for overall genotype effects were formed across the two experiments as  
BLUEs, allowing the full extent of genotype replication across both experiments (average 
replication 2.32 for all Su-NAM individual) to be leveraged for further analysis. 
 
All traits had relatively high broad-sense heritability across both experiments 
The heritability (h2) of each trait measured in the T16E1 and T16E2 experiments was 
consistently greater than 0.5. Heritability for Transpiration Efficiency was also relatively high 
(h2 of 0.66), which is quite high considering that the trait is a derivative of two other complex 
traits (transpiration and biomass; Table 4.4). Biomass had one of the highest heritability (h2 
of 0.7), while transpiration had a lower heritability of 0.58. The trait with the highest 
heritability observed in this study was physiological development (Zadok score), with a 
 
  Genetic variance Error variance Standard error for variance 
Genetic 
correlation Heritability 
Trait T16E1 T16E2 T16E1 T16E2 T16E1 T16E2 Both Exp. Both Exp. 
TE (g kg-1) 0.079 0.095 0.156 0.071 0.021 0.015 0.79 0.66 
Transpiration (g) 30808 25004 38168 49904 5944 5527 0.99 0.58 
Biomass (g) 0.992 0.746 0.683 0.931 0.14 0.157 0.96 0.7 
Transpiration per leaf area 
(final 7 days) (g/cm2) 0.006 0.005 0.006 0.019 0.001 0.001 0.99 0.56 
Leaf area (cm2) 46989 9260 28306 41094 6168 2320 1 0.71 
SPAD 2.32 11.36 10.59 33.32 1.27 4.83 0.72 0.5 
Zadoks 16.19 1.66 1.79 1.28 0.05 1.2 0.92 0.93 
 
Table 4.4 – Table of variance components and heritability for each trait in each experiment. 
All correlations are Pearson’s correlations, expressed as r values. Heritability is expressed as broad-sense 
heritability (h2). 
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heritability of 0.93. Leaf area was also a relatively highly heritable trait, however the 
physiological components of leaf response to environment were less heritable, with TRLA7 
and SPAD have the two lowest heritability’s in the study (0.56 and 0.5, respectively). 
 
Families performing well for TE typically exhibit traits indicative of greater stomatal control   
All families had similar rankings between dry biomass and cumulative transpiration (the two 
component traits from which TE is derived; Figure 4.4). While TE for Suntop was greater 
than the majority of genotypes in the Su-NAM families, lines with even greater TE were 
observed for particular lines in families, such as Drysdale and RIL114 (Figure 4.4). The 
Drysdale and RIL114 families had a TE median comparable to the mean of Suntop, and the 
RIL114 parent line had a higher mean TE than Suntop. Dharwar Dry, Drysdale and 
ZWB10-37 parental lines all had similar dry biomass and leaf area, however their cumulative 
transpiration, TRLA7 and TE varied. Conversely, EGA Wylie, FAC10-16, SB062 and 
ZWW10-128 all had similar parental means for TE, but their performance for cumulative 
transpiration, TRLA7 and dry biomass was not as consistent. This suggests that TE in these 
families is being driven by different underlying processes which may be related to differing 
water use, photosynthetic capacity, or other related physiological traits.  
 
Transpiration per unit of green leaf area measured over the last seven days of each 
experiment (TRLA7) was ranked inversely when compared to family mean for TE. The 
highest ranked family for TE is RIL114, however for TRLA7 it is ranked 6th (where TRLA7 
is ranked in ascending order). EGA Wylie had the lowest family mean for both TE and for 
TRLA7. For leaf area, most families had means greater than Suntop, however the trend in 
ranking of families for leaf area is inconsistent with that of dry biomass, indicating that leaf 
area is not directly correlated with above-ground biomass. There is a definite inverse trend 
in family rankings between cumulative transpiration and TRLA7, however this trend is not 
consistent for leaf area (which is highly related to ‘transpiration for 7 days prior to harvest’, 
used to calculate TRLA7). The trend in family mean ranking between TRLA7 and Transp7 
also continues (to a lesser extent) in the SPAD family rankings, which shows that families 
with higher SPAD (leaf greenness) values also tended to have lower leaf area and higher 
TRLA7. In terms of phenology, Suntop was also more physiologically developed at harvest 
than most other parental lines, with RIL114 being the only parent being slightly more 
developed. Overall, Drysdale and RIL114 tended to have the best family performance for 
TE. 
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Figure 4.4 – Phenotypical performance of NAM families within the Su-NAM population 
Data presented per family within the Su-NAM population for transpiration efficiency, cumulative transpiration, 
dry biomass (shoot only), cumulative transpiration for the 7 days prior to harvest per unit of green leaf area, 
cumulative transpiration for the 7 days prior to harvest, leaf area, SPAD and Zadoks score. Boxplots represent 
BLUEs for all genotypes within each family, solid black points represent outliers, the red line represents the 
mean value of Suntop, and green triangles represent the mean value of each donor parent. Different letters 
following family names represent significant differences at p < 0.05 probability level, ^ inside the parenthesis 
indicates that the family mean is significantly different from the mean of Suntop, while a * outside the 
parenthesis indicates that the parent genotype is significantly different from Suntop. 
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Multiple QTL were identified for all traits 
For seven traits of interest, 81 significant markers were identified within the Su-NAM 
population using MLMM, 22 for TE alone. QTL with a -log10P greater than 1.3 (p < 0.05) for 
the 7 traits were identified on all chromosomes except 1D and 4D (Figure 4.5 and Table 
4.5). QTL for TE were identified on 1A, 3A, 3B, 3D, 4A, 4B, 5A, 5B, 5D, 6A, 6B, 6D, 7A, 7B 
and 7D, with multiple QTL for TE being found in close proximity in several genomic regions 
(Table 4.5). Several QTL for other traits of interest also collocated with QTL for TE at several 
genomic regions, giving an indication of which underlying traits may be contributing or 
correlated with the changes in TE caused by that allele. The size of the effect calculated for 
each TE QTL varied widely, ranging from -0.142 g kg-1 to 0.145 g kg-1 (Figure 4.6 and Table 
4.5)  
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QTLa Traitb Marker Chr.c Position Effect Effect (%)d P_val Sig. QTL range 
Su-NAM 
Seg.e 
Dr-NAM 
Seg.f 
QTe.qwr-1A.1 TE SNP00097 1A 36.08 0.079 3.36% 0.0147 * 33.47 -36.08 0.09 0.89 
QTe.qwr-1A.2 TE SNP00388 1A 135.39 0.045 1.90% 0.0188 * 135.38 -137.74 0.26 0.70 
QTe.qwr-1A.3 TE SNP00444 1A 174.33 -0.108 4.60% 0.0000 *** 173.5 -175.5 0.14 0.17 
QTe.qwr-3A.1 TE SNP03648 3A 47.66 -0.082 3.48% 0.0001 *** 41.21 -48.22 0.26 0.16 
QTe.qwr-3A.2 TE SNP03984 3A 147.59 0.093 3.97% 0.0000 *** 147.59 -151.23 0.24 0.56 
QTe.qwr-3B.1 TE SNP04716 3B 24.98 0.145 6.17% 0.0000 *** 10.75 -24.98 0.11 0.73 
QTe.qwr-3B.2 TE SNP15631 3B 154.23 -0.138 5.90% 0.0013 ** 152.05 -156.69 0.07 0 
QTe.qwr-3D.1 TE SNP04870 3D 81.76 0.056 2.40% 0.0023 ** 81 -82 0.28 0.67 
QTe.qwr-4A.1 TE SNP04989 4A 14.44 0.061 2.58% 0.0056 ** 12.78 -14.43 0.15 0.88 
QTe.qwr-4A.2 TE SNP05317 4A 116.03 -0.052 2.20% 0.0039 ** 114.87 -117.26 0.34 0.18 
QTe.qwr-4B.1 TE SNP11082 4B 44.86 -0.101 4.28% 0.0178 * 43.8 -45.8 0.06 0.17 
QTe.qwr-5A.1 TE  5A      61.33 -91.33   
5A.1-SNP13518 TE SNP13518 5A 69.82 -0.142 6.04% >0.0001 *** 61.33 -71.55 0.07 0 
5A.1-SNP06040 TE SNP06040 5A 71.17 0.056 2.40% 0.0045 ** 61.33 -71.55 0.22 0.66 
5A.1-SNP06108 TE SNP06108 5A 89.79 -0.123 5.24% >0.0001 *** 61.33 -91.33 0.44 0.13 
QTe.qwr-5B.1 TE SNP06328 5B 29.78 0.071 3.04% 0.0090 ** 29.08 -32.29 0.12 0.31 
QTe.qwr-5D.1 TE SNP06948 5D 133.58 -0.096 4.09% >0.0001 *** 130.22 -145.05 0.19 0.13 
QTe.qwr-6A.1 TE SNP07207 6A 42.81 -0.062 2.63% 0.0003 *** 40.43 -58.11 0.41 0.13 
QTe.qwr-6B.1 TE SNP16080 6B 66.36 -0.106 4.51% >0.0001 *** 55.93 -67.59 0.21 0.25 
QTe.qwr-6D.1 TE SNP08293 6D 96.42 -0.065 2.76% 0.0455 * 95.86 -96.42 0.08 0.00 
QTe.qwr-7B.1 TE SNP16259 7B 22.57 -0.070 2.99% 0.0056 ** 20.97 -22.75 0.15 1.00 
QTe.qwr-7D.1 TE SNP09690 7D 43.57 0.059 2.49% >0.0001 *** 43.56 -57.85 0.50 0.17 
QTe.qwr-7D.2 TE SNP09856 7D 119.32 -0.075 3.20% 0.0173 * 118 -120 0.10 0.11 
QDw.qwr-1A.1 DWshoot SNP00221 1A 82.64 -0.398 4.43% 0.0009 *** 78.28 -95.02 0.07 1.00 
QDw.qwr-1B.1         67.37 -87.31   
1B.1-SNP00824 DWshoot SNP00824 1B 67.38 -0.319 3.54% 0.0005 *** 67.37 -87.31 0.09 1.00 
1B.1-SNP01404 DWshoot SNP01404 1B 87.32 -0.423 4.70% >0.0001 *** 67.37 -87.31 0.13 1.00 
QDw.qwr-2B.1         70.97 -83.06   
2B.1-SNP07048 DWshoot SNP07048 2B 75.13 -1.484 16.5% >0.0001 *** 70.97 -83.06 0.01 0.00 
2B.1-SNP11761 DWshoot SNP11761 2B 75.13 -2.268 25.2% >0.0001 *** 70.97 -83.06 0.02 0.00 
2B.1-SNP18525 DWshoot SNP18525 2B 75.13 2.809 31.2% 0.0011 ** 73.02 -83.06 0.02 1.00 
QDw.qwr-3B.1 DWshoot SNP06205 3B 19.00 0.554 6.16% >0.0001 *** 18.54 -19.00 0.05 0.72 
QDw.qwr-3B.2 DWshoot SNP04547 3B 93.26 0.264 2.94% 0.0032 ** 88.21 -93.25 0.12 0.00 
QDw.qwr-4A.1 DWshoot SNP17324 4A 87.32 -0.141 1.57% 0.0042 ** 86 -107.25 0.47 0.17 
QDw.qwr-5A.1 DWshoot SNP06110 5A 91.33 -0.595 6.62% >0.0001 *** 83.26 -91.64 0.30 0.86 
QDw.qwr-5B.1 DWshoot SNP06672 5B 87.28 0.571 6.35% >0.0001 *** 84.02 -112.16 0.04 0.19 
QDw.qwr-6A.1 DWshoot SNP12826 6A 74.35 0.258 2.87% 0.0083 ** 47.30 -83.52 0.10 0.00 
QDw.qwr-6B.1 DWshoot SNP16412 6B 31.36 0.605 6.73% >0.0001 *** 25.34 -38.76 0.06 0.42 
QDw.qwr-7D.1 DWshoot SNP10866 7D 70.64 0.211 2.34% >0.0001 *** 47.90 -73.22 0.46 0.86 
QTransp.qwr-1B.1     -77.490    39.19 -103.07   
1B.1-SNP00824 Transp SNP00824 1B 67.38 -70.008 5.04% 0.0002 *** 39.19 -103.07 0.09 1.00 
1B.1-SNP01404 Transp SNP01404 1B 87.32 -191.715 4.56% 0.0011 ** 39.19 -103.07 0.13 1.00 
QTransp.qwr-2B.1 Transp SNP11761 2B 75.13 47.283 12.4% >0.0001 *** 60.84 -89.52 0.02 0.00 
QTransp.qwr-6A.1 Transp SNP07207 6A 42.81 113.511 3.08% 0.0007 *** 40.43 -63.76 0.41 0.13 
QTransp.qwr-6B.1 Transp SNP16412 6B 31.36 58.769 7.39% 0.0000 *** 30.39 -38.76 0.06 0.42 
QTransp.qwr-6B.2 Transp SNP16507 6B 83.78 -44.476 3.82% 0.0001 *** 82 -85 0.24 0.12 
QTransp.qwr-6D.1 Transp SNP17050 6D 72.22 -0.061 2.89% 0.0069 ** 71 -73 0.15 0.71 
 
Table 4.5 – Characteristics of markers identified for the studied traits in the Su-NAM population using the MLMM method 
a QTL were named according to McIntosh Catalogue of Gene Symbols for Wheat (http://wheat.pw.usda.gov/ggpages/wgc/98/), 
beginning with a ‘Q’ followed by an abbreviation for the corresponding trait, ‘qwr’ for Queensland Alliance for Agriculture and Food 
Innovation Wheat Research, followed by chromosome number and an Arabic numeral. Where multiple markers were identified 
for a single QTL, the markers are also presented and named using their relative chromosome and marker name, and are shaded 
blue. b Refer to Table of Abbreviations (‘DWshoot’ = ‘Dry weight of above ground biomass’, ‘Transp’ = ‘Transpiration’). c 
Chromosome corresponding to the identified marker. d The size of the marker effect calculated as a percentage of the genetic 
variation for each trait. e The proportion of genotypes within all families of the Su-NAM population which have the donor allele for 
this QTL. f The proportion of genotypes within all families of the Dr-NAM population which have the Drysdale allele for this QTL. 
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QTLa Traitb Marker Chr.c Position  (cM) Effect 
Effect 
(%)d P_val Sig. QTL range 
Su-NAM 
Seg.f 
Dr-NAM 
Seg.g 
QTrla.7.qwr-1A.1 TRLA.7 SNP00471 1A 174.67 -0.021 2.72% 0.000 *** 173.62 -200.33 0.21 0.81 
QTrla.7.qwr-1B.1 TRLA.7 SNP01270 1B 241.93 0.021 2.75% 0.077 + 240 -243 0.07 0.00 
QTrla.7.qwr-2D.1 TRLA.7 SNP03154 2D 78.34 0.019 2.39% 0.001 ** 71.69 -78.33 0.25 0.42 
QTrla.7.qwr-5A.1 TRLA.7 SNP06084 5A 84.94 -0.044 5.69% 0.000 *** 58.39 -91.64 0.50 0.12 
QTrla.7.qwr-5D.1 TRLA.7 SNP15099 5D 137.98 0.028 3.56% 0.001 *** 137.97 -142.48 0.11 0.00 
QTrla.7.qwr-6B.1 TRLA.7 SNP07537 6B 6.01 -0.010 1.27% 0.047 * 5 -7 0.37 0.27 
QTrla.7.qwr-6B.2 TRLA.7 SNP07982 6B 42.25 0.046 5.96% 0.000 *** 30.95 -42.25 0.06 0.89 
QLa.qwr-1A.1 Leaf area SNP11513 1A 126.33 32.379 2.43% 0.000 *** 117.88 -137.74 0.49 0.27 
QLa.qwr-1B.1 Leaf area SNP01404 1B 87.32 -64.842 4.86% 0.000 *** 48.61 -131.71 0.13 1.00 
QLa.qwr-2B.1 Leaf area SNP10328 2B 75.13 -192.781 14.4% 0.000 *** 60.84 -90.57 0.02 1.00 
QLa.qwr-2D.1 Leaf area SNP18634 2D 42.66 116.142 8.71% 0.000 *** 41 -44 0.04 1.00 
QLa.qwr-5A.1 Leaf area SNP06084 5A 84.94 100.400 7.53% 0.000 *** 68.47 -91.33 0.50 0.12 
QLa.qwr-5A.2 Leaf area SNP14688 5A 109.71 -46.971 3.52% 0.001 *** 109 -111 0.16 0.32 
QLa.qwr-6A.1         23.76 -28.91   
6A.1-SNP07102 Leaf area SNP07102 6A 23.76 112.897 8.47% 0.000 *** 23.76 -28.91 0.03 0.00 
6A.1-SNP12356 Leaf area SNP12356 6A 28.92 109.260 8.20% 0.000 *** 23.76 -28.91 0.04 0.00 
QLa.qwr-6B.1 Leaf area SNP07783 6B 30.95 44.373 3.33% 0.000 *** 25.52 -39.41 0.28 0.39 
QLa.qwr-7D.1 Leaf area SNP09709 7D 53.84 -37.560 2.81% 0.012 * 52.39 -55.20 0.14 0.01 
QSpad.qwr-1B.1 SPAD SNP14780 1B 98.59 0.607 2.43% 0.001 *** 76.39 -120.10 0.46 0.70 
QSpad.qwr-2A.1 SPAD SNP01616 2A 29.66 -0.540 2.16% 0.006 ** 28.08 -29.65 0.37 0.13 
QSpad.qwr-2B.1 SPAD SNP02290 2B 32.86 0.667 2.66% 0.000 *** 28.01 -36.11 0.37 0.69 
QSpad.qwr-2B.2 SPAD SNP02705 2B 79.81 0.759 3.03% 0.000 *** 77.45 -83.18 0.42 0.17 
QSpad.qwr-4B.1 SPAD SNP12708 4B 1.11 -0.434 1.73% 0.064 + 0 -2 0.20 0.67 
QSpad.qwr-4B.2 SPAD SNP05615 4B 57.17 0.807 3.23% 0.000 *** 56 -59 0.45 0.08 
QSpad.qwr-5A.1 SPAD SNP14728 5A 85.34 -0.925 3.70% 0.000 *** 58.00 -91.64 0.39 0.88 
QSpad.qwr-6A.1 SPAD SNP07429 6A 98.16 0.540 2.16% 0.035 * 97 -99 0.16 0.85 
QZad.qwr-2D.1 ZAD SNP18634 2D 42.66 -1.129 6.39% 0.000 *** 41 -44 0.04 1.00 
QZad.qwr-3A.1 ZAD SNP16529 3A 117.66 0.515 2.91% 0.012 * 116 -118 0.05 0.84 
QZad.qwr-4A.1 ZAD SNP16525 4A 19.80 0.773 4.38% 0.000 *** 19.79 -30.27 0.04 0.00 
QZad.qwr-5A.1         69.81 -89.63   
5A.1-SNP06084 ZAD SNP06084 5A 84.94 -0.623 3.53% 0.000 *** 69.81 -89.63 0.50 0.12 
5A.1-SNP06103 ZAD SNP06103 5A 87.30 -0.843 4.77% 0.000 *** 69.81 -89.63 0.13 0.00 
5A.1-SNP06107 ZAD SNP06107 5A 89.64 -0.669 3.79% 0.003 ** 69.81 -89.63 0.29 0.86 
5A.1-SNP06108 ZAD SNP06108 5A 89.79 0.015 0.08% 0.946 ns 69.81 -89.78 0.44 0.13 
QZad.qwr-5B.1 ZAD SNP09224 5B 53.72 0.234 1.32% 0.001 ** 47.6 - 54.51 0.51 0.35 
QZad.qwr-5B.2 ZAD SNP06629 5B 84.30 0.522 2.96% 0.001 *** 63.80 -85.49 0.08 0.00 
QZad.qwr-6A.1 ZAD SNP07150 6A 28.69 -0.244 1.38% 0.009 ** 25.60 -28.69 0.31 0.84 
QZad.qwr-6A.2 ZAD SNP07343 6A 82.86 0.375 2.12% 0.000 *** 82.86 -84.01 0.30 0.88 
QZad.qwr-7A.1 ZAD SNP08831 7A 114.25 -0.645 3.65% 0.001 ** 113 -115 0.04 0.12 
QZad.qwr-7D.1 ZAD SNP09711 7D 55.20 0.679 3.84% 0.000 *** 47.90 -57.85 0.14 0.01 
 
a QTL were named according to McIntosh Catalogue of Gene Symbols for Wheat, beginning with a ‘Q’ followed by an 
abbreviation for the corresponding trait, ‘qwr’ for Queensland Alliance for Agriculture and Food Innovation Wheat 
Research, followed by chromosome number and an Arabic numeral (http://wheat.pw.usda.gov/ggpages/wgc/98/). 
b Refers to Table of Abbreviations (‘DWshoot’ = ‘Dry weight of above-ground biomass’, ‘Transp’ = ‘Cumulated 
transpiration’). c Chromosome corresponding to the identified marker. d The size of the marker effect calculated as a 
percentage of the genetic variation for each trait. e The proportion of genotypes within all families of the Su-NAM 
population which have the donor allele for this QTL. f The proportion of genotypes within all families of the Dr-NAM 
population which have the donor allele for this QTL. 
Table 4.5 continued… 
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QTL 
Marker 
effect 
QTe.qwr-1A.1 0.079   56% 48%      
QTe.qwr-1A.2 0.045 38% 59%   47% 53%  43% 5% 
QTe.qwr-1A.3 -0.108 40%      41%  48% 
QTe.qwr-3A.1 -0.082  51% 52% 50%  54%   66% 
QTe.qwr-3A.2 0.093  54% 58%  45% 35%   54% 
QTe.qwr-3B.1 0.145 50% 54%       2% 
QTe.qwr-3B.2 -0.138 69%         
QTe.qwr-3D.1 0.056 32% 48% 32% 50% 47% 67%   2% 
QTe.qwr-4A.1 0.061 49%     2% 30% 34% 15% 
QTe.qwr-4A.2 -0.052 51% 46% 61%  63% 70%  2% 37% 
QTe.qwr-4B.1 -0.101   65%       
5A.1-SNP13518 -0.142 32%      2%  36% 
5A.1-SNP06040 0.056  50%  42% 46% 44% 37%   
5A.1-SNP06108 -0.123  56% 37% 100% 100%  44% 34% 36% 
QTe.qwr-5B.1 0.071      2% 52% 53% 2% 
QTe.qwr-5D.1 -0.096   65% 3%  50%  48% 40% 
QTe.qwr-6A.1 -0.062 56% 58% 60% 3% 53% 2% 41% 52% 44% 
QTe.qwr-6B.1 -0.106    41%   41% 67% 47% 
QTe.qwr-6D.1 -0.065   46% 39%     5% 
QTe.qwr-7B.1 -0.070 43%   61%  49%    
QTe.qwr-7D.1 0.059 62% 50% 47% 39% 44% 48% 49% 56% 51% 
QTe.qwr-7D.2 -0.075    47%  60%   3% 
 
Table 4.6 – Segregation of all markers identified for TE within all families 
Significant markers which were polymorphic within a family are represented by coloured squares 
with the percentage of genotypes in each respective family which have an allele from the donor 
parent. Darker shading represents higher percentage of genotypes within the respective family that 
have the donor allele, while white shading with no percentage indicates that the marker was not 
polymorphic in the respective family (i.e. 0% segregating). Markers ‘5A.1-SNP13518’, 
‘5A.1-SNP06040’ and ‘5A.1-SNP06108’ refer to the markers associated with QTe.qwr-5A.1. Marker 
effects are also presented with each marker. For all segregation data relating to these markers refer 
to Appendix 14. 
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Segregation of QTL varies between families in the Su-NAM 
For each marker identified for TE in the Su-NAM population the proportion of lines in each 
family carrying the different alleles varied greatly (Table 4.6). Some markers were only 
polymorphic in one or two families, for example QTe.qwr.3B.2 is only polymorphic in the 
Dharwar Dry family. TE QTe.qwr.7D.1 is in stark contrast to this, segregating in all nine 
families. It is possible that selection during the development of the Su-NAM population to 
reduce variation for height and days to flowering may have inadvertently also selected for 
or against certain of the alleles. 
 
Multiple QTL of major effect for TE were identified 
Seven markers for TE QTL with effect sizes larger than 0.1 g kg-1 were identified in the Su-
NAM population, along with 15 more QTL of smaller effects. Markers with an effect size 
greater than 4% are described as having a major effect. For convenience, all 22 QTL for TE 
are presented in chromosome order, showing each chromosome in full, with boxplots 
showing the distribution and effect size of each QTL within each respective family. The effect 
sizes of markers are discussed in absolute values, as the positive or negative value of an 
allele is relative to the presence or absence of the allele, not the marker itself.   
Figure 4.6 – Marker effect for transpiration efficiency in the Su-NAM population 
Effect of the markers identified with MLMM on BLUEs for TE. A positive effect corresponds to increased TE 
for the donor allele, while a negative effect corresponds to greater TE for the reference allele (Suntop). 
Markers ‘5A.1-SNP13518’, ‘5A.1-SNP06040’ and ‘5A.1-SNP06108’ refer to the markers associated with 
QTe.qwr-5A.1. 
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Three QTL for TE were identified on chromosome 1A (Figure 4.7), one with a major negative 
effect (-0.108 g kg-1, or 4.60%; QTe.qwr-1A.3) and 13.8% of lines segregating for the donor 
allele in the Su-NAM population. QTe.qwr-1A.1 and QTe.qwr-1A.2 both had more moderate 
effects on TE (3.36% and 1.9%, respectively), with differing proportions of segregating lines 
within the Su-NAM population (8.9 % and 20.8%, respectively). QTe.qwr.1A.1 collocated 
with a QTL reported in literature by Mora et al. (2015) for yield (under drought conditions), 
and QTe.qwr-1A.2 collocated with another QTL detected in this study for leaf area (QLa.qwr-
1A.1), which had 2.43% effect on plant leaf area at harvest. Collocating with QTe.qwr-1A.3 
was a QTL for TRLA7 (QTrla.7.qwr-1A.1), which has a minor effect of transpiration per unit 
of leaf area of -0.018 g cm-2. For QTe.qwr-1A.1 and QTe.qwr-1A.2, lines with the donor 
alleles tended to perform better than those with the Suntop allele, while for genotypes with 
the donor allele for QTe.qwr-1A.3, the opposite effect was observed.  
Two QTL were identified on chromosome 3A for TE (QTe.qwr-3A.1 & QTe.qwr-3A.2; Figure 
4.8). Both of these QTL have moderate effects on TE (3.48% and 3.97%, respectively; Table 
4.5) and were found to be segregating for the donor allele in 26% and 24.1%, respectively, 
of all genotypes in the Su-NAM population.  
Figure 4.7 – Genetic map of chromosome 1A with the QTL identified in this study and some reported in the 
literature, and boxplots of BLUEs for TE for each family of the Su-NAM. 
The location of significant markers identified by MLMM (on the bottom) is presented on the chromosome 
map, as well as the size of QTL both from this study and QTL reported in the literature (on the top, same 
legend as in Figure 4.5). Boxplot subtitles indicate the SNP marker associated with each QTL, its marker 
effect for TE (g kg-1) and the proportion of lines from the Su-NAM which have the donor parent allele for that 
marker.  
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Two significant markers for TE were identified on chromosome 3B (Figure 4.9), with one of 
them (QTe.qwr-3B.1) collocating with other QTL identified in literature (Canopy Temperature 
and Stay Green), as well as a QTL for biomass (DW) in this study (QDw.qwr-3B.1). The 
Figure 4.9 – Genetic map of chromosome 3B with the QTL 
identified in this study and some reported in the literature, 
and boxplots of BLUEs for TE for each family of the 
Su-NAM. 
The location of significant markers identified by MLMM (on 
the bottom) is presented on the chromosome map, as well 
as the size of QTL both from this study and QTL reported 
in the literature (on the top, same legend as in Figure 4.5). 
Boxplot subtitles indicate the SNP marker associated with 
each QTL, its marker effect for TE (g kg-1) and the 
proportion of lines from the Su-NAM which have the donor 
parent allele for that marker. 
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Figure 4.8 – Genetic map of chromosome 3A with the QTL identified in this 
study and some reported in the literature, and boxplots of BLUEs for TE for 
each family of the Su-NAM. 
The location of significant markers identified by MLMM (on the bottom) is 
presented on the chromosome map, as well as the size of QTL both from 
this study and QTL reported in the literature (on the top, same legend as in 
Figure 4.5). Boxplot subtitles indicate the SNP marker associated with each 
QTL, its marker effect for TE (g kg-1) and the proportion of lines from the 
Su-NAM which have the donor parent allele for that marker. 
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effects for the two QTL identified for TE on chromosome 3B (QTe.qwr-3B.1 and QTe.qwr-
3B.2) were 0.145 and -0.138 g kg-1 (6.17% and 5.9% of total variation, respectively), making 
them some of the largest effect QTL identified in this study. QTe.qwr-3B.1 is polymorphic in 
the Dharwar Dry and Drysdale families, while QTe.qwr-3B.2 is only polymorphic in Drysdale. 
  
One TE QTL was identified on chromosome 3D (QTe.qwr-3D.1; Figure 4.10), and had a 
moderate positive effect of 0.056 g kg-1 (2.4% of total variation). This QTL was segregating 
in 28.5% of lines, with polymorphism in all families except SB062, Seri M82 and ZWB10-37. 
Lines with the donor allele typically have higher TE than lines with the Suntop allele in those 
families, especially lines in the Drysdale family.  
On chromosome 4A, there were two QTL for TE identified (QTe.qwr-4A.1 and QTe.qwr-
4A.2; Figure 4.11), with effects for TE of 0.061 g kg-1 and -0.052 g kg-1 (2.58% and 2.2%, 
respectively). QTe.qwr-4A.1 segregated for the donor allele in 14.5% of Su-NAM lines, 
mainly in the Dharwar Dry, SB062, Seri M82 and ZWB10-37 families, where it tended to 
have a positive effect on TE (with the exception of Dharwar Dry). QTe.qwr-4A.2 was 
segregating in all families except EGA Wylie and SB062, with 34% of lines segregating for 
the donor alleles. The donor allele for QTe.qwr-4A.2 tended to confer a negative effect for 
TE in most families. QTe.qwr-4A.1 was also identified collocating with two QTL reported by 
Rebetzke et al. (2008) for CID. 
 
Figure 4.10 – Genetic map of chromosome 3D with the QTL identified in this study and some 
reported in the literature, and boxplots of BLUEs for TE for each family of the Su-NAM. 
The location of significant markers identified by MLMM (on the bottom) is presented on the 
chromosome map, as well as the size of QTL both from this study and QTL reported in the 
literature (on the top, same legend as in Figure 4.5). Boxplot subtitles indicate the SNP marker 
associated with each QTL, its marker effect for TE (g kg-1) and the proportion of lines from 
the Su-NAM which have the donor parent allele for that marker. 
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One QTL for TE was detected on 4B (QTe.qwr-4B.1: Figure 4.12) with an effect size of -
0.101 g kg -1 (4.28%). This marker for this QTL is only polymorphic in the EGA Gregory 
family, with segregation for the donor allele in 6% of lines across the entire Su-NAM 
population. Within the EGA Gregory family, the genotypes with the donor allele for QTe.qwr-
4B.1 tended to have lower TE than those with the Suntop allele. QTe.qwr-4B.1 collocated 
with two QTL reported in the literature by Mathews et al. (2008), one for yield and another 
for height. Rebetzke et al. (2008) and Mora et al. (2015) also reported multiple QTL for CID 
on chromosome 4B which are in close proximity to QTe.qwr-4B.1.  
 
Figure 4.11 – Genetic map of chromosome 4A with the QTL 
identified in this study and some reported in the literature, and 
boxplots of BLUEs for TE for each family of the Su-NAM. 
The location of significant markers identified by MLMM (on the 
bottom) is presented on the chromosome map, as well as the 
size of QTL both from this study and QTL reported in the 
literature (on the top, same legend as in Figure 4.5). Boxplot 
subtitles indicate the SNP marker associated with each QTL, 
its marker effect for TE (g kg-1) and the proportion of lines from 
the Su-NAM which have the donor parent allele for that marker. 
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Figure 4.12 – Genetic map of chromosome 4B with the QTL identified in this study and some reported in the 
literature, and boxplots of BLUEs for TE for each family of the Su-NAM. 
The location of significant markers identified by MLMM (on the bottom) is presented on the chromosome map, 
as well as the size of QTL both from this study and QTL reported in the literature (on the top, same legend as 
in Figure 4.5). Boxplot subtitles indicate the SNP marker associated with each QTL, its marker effect for TE 
(g kg-1) and the proportion of lines from the Su-NAM which have the donor parent allele for that marker. 
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Three significant markers for TE were identified on chromosome 5A, along with several other 
QTL for traits of interest in this study (Figure 4.13). 5A.1-SNP13518, 5A.1-SNP06040 and 
5A.1-SNP06108 are all located in the same genomic region and were determined to 
represent a single composite QTL (QTe.qwr-5A.1). The three markers which constitute 
QTe.qwr-5A.1 do have differing effects for TE, 5A.1-SNP13518 and 5A.1-SNP06108 having 
large negative effects of -0.142 g kg-1 (6.04%) and -0.123 g kg -1 (5.24%), respectively, while 
5A.1-SNP06040 had a small positive effect of 0.056 g kg -1 (2.4%). 5A.1-SNP13518 was 
polymorphic in the Dharwar Dry, SB062 and ZWB10-37 families with an overall proportion 
of 7% of genotypes segregating for the donor alleles across the Su-NAM population. In the 
three families where the donor allele was segregating, genotypes with the donor allele 
tended to have much lower TE than genotypes with the Suntop allele. 5A.1-SNP06040 was 
polymorphic in majority of families and tended to confer a considerable positive effect for TE 
in the Drysdale, EGA Wylie and FAC10-16 families,  while in the RIL114 and SB062 families 
the genotypes with the donor allele tended to have lower TE. Overall, 21.7% of genotypes 
in the Su-NAM population were segregating for the 5A.1-SNP06040 donor allele. 
5A.1-SNP06108 was also polymorphic in majority of Su-NAM families, however in some 
families were homozygous for the donor allele (i.e. EGA Wyle and FAC1 0-16), while others 
were homozygous for the Suntop allele (i.e. Dharwar Dry and RIL114). Across all families in 
the Su-NAM population, those where the donor allele was present (homozygous or 
heterozygous), genotypes with the donor allele tended to have lower TE than those with the 
Figure 4.13 – Genetic map of chromosome 5A with the QTL identified in this study and some reported in 
the literature, and boxplots of BLUEs for TE for each family of the Su-NAM. 
The location of significant markers identified by MLMM (on the bottom) is presented on the chromosome map, 
as well as the size of QTL both from this study and QTL reported in the literature (on the top, same legend as 
in Figure 4.5). Boxplot subtitles indicate the SNP marker associated with each QTL, its marker effect for TE 
(g kg-1) and the proportion of lines from the Su-NAM which have the donor parent allele for that marker. 
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Suntop allele. In total, 43.5% of genotypes in the Su-NAM population had the donor allele 
for 5A.1-SNP06108 (including families that were homozygous for the donor allele). There 
are also several other QTL identified in this study which collocated with a number of the QTL 
for TE, namely QTL for TRLA7 (5.69% effect), SPAD (3.7% effect), dry biomass (6.62% 
effect), Zadoks (0.08%-4.77% effect) and leaf area (7.53% effect; QTrla7.qwr-5A.1, 
QSpad.qwr-5A.1, QDw.qwr-5A.1, QZad.qwr-5A.1, QLa.qwr-5A.1, respectively). A well-
studied gene associated with vernalization and plant development in wheat (Vrn-A1) is also 
located within this QTL. 
 
 One QTL for TE was identified on chromosome 5B (QTe.qwr-5B.1), as well as one QTL for 
dry biomass (QDw.qwr-5B.1; Figure 4.14). Two significant markers were also identified for 
a Zadok QTL (QZad.qwr-5B.1:2). QTe.qwr-5B.1 was polymorphic in four of the Su-NAM 
families, with the donor allele segregating in 12% of the Su-NAM population. The QTL 
identified for dry biomass and plant development (Zadok stage) also collocated with a well-
known gene for vernalization in wheat (Vrn-B1). With an effect size of 0.071 g kg-1 (3.04%), 
genotypes with the donor allele for QTe.qwr-5B.1 tended to have greater TE than those with 
the Suntop allele. QTe.qwr-5B.1 collocated with multiple QTL for related traits reported in 
the literature, such as CID and yield (Mora et al., 2015), stay-green (Christopher et al., 2018) 
and leaf porosity (Rebetzke et al., 2013).  
On the 5D chromosome, one QTL for TE was identified (QTe.qwr-5D.1; Figure 4.15) with 
an effect size of -0.096 g kg-1 (4.09%). The QTL was polymorphic in four Su-NAM families 
(EGA Gregory, RIL114, Seri M82 and ZWB10-37) with a total proportion of 19.4% of 
genotypes in the Su-NAM population segregation for the donor allele. Overall, genotypes 
that had the donor allele for QTe.qwr-5D.1 tended to have lower TE than genotypes with the 
Figure 4.14 – Genetic map of chromosome 5B with the QTL identified in this study and some reported in the 
literature, and boxplots of BLUEs for TE for each family of the Su-NAM. 
The location of significant markers identified by MLMM (on the bottom) is presented on the chromosome map, 
as well as the size of QTL both from this study and QTL reported in the literature (on the top, same legend as 
in Figure 4.5). Boxplot subtitles indicate the SNP marker associated with each QTL, its marker effect for TE 
(g kg-1) and the proportion of lines from the Su-NAM which have the donor parent allele for that marker. 
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Suntop allele. QTe.qwr-5D.1 also collocated with another QTL identified in this study for the 
physiological trait TRLA7 (QTe.qwr-5D.1).  
One TE QTL was identified on chromosome 6A (QTe.qwr-6A.1; Figure 4.16) which had a 
moderate positive effect of -0.062 g kg-1 (2.63%). Of the Su-NAM lines, 41% were 
segregating for this QTL, with polymorphism in all families. Lines with the donor allele 
typically had a lower TE than lines with the Suntop allele. Multiple other QTL were also 
detected on chromosome 6A for other traits of interest; one for leaf area (QLa.qwr-6A.1:2), 
one for dry biomass (QDw.qwr-6A.1), one for cumulative transpiration (QTransp.qwr-6A.1) 
and one for Zadoks stage (QZad.qwr-6A.1). QTe.qwr-6A.1 collocated with the QTL identified 
in this study for dry biomass (QDw.qwr-6A.1) and cumulative transpiration (QTransp.qwr-
6A.1), as well one QTL reported in the literature for canopy temperature (Bennett et al., 
2012).  
Figure 4.15 – Genetic map of chromosome 5D with the QTL identified in this study and some reported in the 
literature, and boxplots of BLUEs for TE for each family of the Su-NAM. 
The location of significant markers identified by MLMM (on the bottom) is presented on the chromosome map, 
as well as the size of QTL both from this study and QTL reported in the literature (on the top, same legend as 
in Figure 4.5). Boxplot subtitles indicate the SNP marker associated with each QTL, its marker effect for TE 
(g kg-1) and the proportion of lines from the Su-NAM which have the donor parent allele for that marker. 
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Figure 4.16 – Genetic map of chromosome 6A with the QTL identified in this study and some reported in 
the literature, and boxplots of BLUEs for TE for each family of the Su-NAM. 
The location of significant markers identified by MLMM (on the bottom) is presented on the chromosome map, 
as well as the size of QTL both from this study and QTL reported in the literature (on the top, same legend 
as in Figure 4.5). Boxplot subtitles indicate the SNP marker associated with each QTL, its marker effect for 
TE (g kg-1) and the proportion of lines from the Su-NAM which have the donor parent allele for that marker. 
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One TE QTL was identified on chromosome 6B (QTe.qwr-6B.1; Figure 4.17) with a effect of 
-0.106 g kg-1 (4.51%). This QTL is segregating in 20.8% of lines in the Su-NAM population, 
segregating in the EGA Wylie, SB062, Seri M82 and ZWB10-37 families. Lines with the 
donor allele typically had lower TE than lines with the Suntop allele in those families. QTL 
were detected in this study for multiple other traits on this chromosome, including dry 
biomass (QDw.qwr-6B.1), cumulative transpiration (QTransp.qwr-6B.1 and QTransp.qwr-
6B.2), TRLA7 (QTrla7.qwr-6B.1 and (QTrla7.qwr-6B.2) and leaf area (QTLa.qwr-6B.1). 
Multiple other QTL reported in the literature were collocating with QTe.qwr-6B.1, namely 
QTL for CID (Mora et al., 2015), SPAD (Bennett et al., 2012) and leaf porosity (Rebetzke et 
al., 2013).  
 
One TE QTL was identified on chromosome 6D (QTe.qwr-6D.1; Figure 4.18) and had an 
effect of -0.065 g kg-1 (2.76%). This QTL was only segregating in 7.6% of the Su-NAM 
Figure 4.17 – Genetic map of chromosome 6B with the QTL identified in this study and some reported in 
the literature, and boxplots of BLUEs for TE for each family of the Su-NAM. 
The location of significant markers identified by MLMM (on the bottom) is presented on the chromosome map, 
as well as the size of QTL both from this study and QTL reported in the literature (on the top, same legend 
as in Figure 4.5). Boxplot subtitles indicate the SNP marker associated with each QTL, its marker effect for 
TE (g kg-1) and the proportion of lines from the Su-NAM which have the donor parent allele for that marker. 
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Figure 4.18 – Genetic map of chromosome 6D with the QTL identified in this study and some reported in 
the literature, and boxplots of BLUEs for TE for each family of the Su-NAM. 
The location of significant markers identified by MLMM (on the bottom) is presented on the chromosome map, 
as well as the size of QTL both from this study and QTL reported in the literature (on the top, same legend as 
in Figure 4.5). Boxplot subtitles indicate the SNP marker associated with each QTL, its marker effect for TE 
(g kg-1) and the proportion of lines from the Su-NAM which have the donor parent allele for that marker. 
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population, and is polymorphic only in the EGA Gregory, EGA Wylie and ZWB10-37 families. 
Lines with the donor allele typically had a lower TE than lines with the Suntop allele, 
especially when present in the EGA Wylie and ZWB10-37 families. QTe.qwr-6D.1 did 
collocate with another QTL reported in the literature of maturity (days after sowing; Bennett 
et al., 2012). Another QTL was detected in this study for cumulative transpiration on 
chromosome 6D (QTransp.qwr-6D.1).  
 
One TE QTL was identified on chromosome 7B (QTe.qwr-7B.1; Figure 4.19) and had a 
moderate negative effect of -0.07 g kg-1 (2.99% of total variation) for TE. This QTL is 
segregating in 14.8% of the Su-NAM population, with segregation for the donor allele 
observed in Dharwar Dry, EGA Wylie and RIL114. Genotypes with the donor allele for 
QTe.qwr-7B.1 typically had a lower TE than lines with the Suntop allele. QTe.qwr-6D.1 
collocated on the 7B chromosome with two other QTL reported in the literature; one for CID 
(Rebetzke et al., 2008) and one QTL for stay-green (Christopher et al., 2018).  
Two QTL for TE were detected on chromosome 7D (QTe.qwr-7D.1 and QTe.qwr-7D.2; 
Figure 4.19) with effects of 0.059 g kg-1 (2.49%) and -0.075 (3.2%). QTe.qwr-7D.1 was 
polymorphic in all Su-NAM families, and overall was segregating for the donor allele in 50% 
of all Su-NAM lines. Genotypes with the donor allele for QTe.qwr-7D.1 tended to have 
greater TE than those with the Suntop allele. QTe.qwr-7D.2 was polymorphic in only the 
EGA Wylie, RIL114 and ZWB10-37 families and segregated in 9.6% of all Su-NAM lines. 
The genotypes which had the donor allele tended to have lower TE than those with the 
Suntop allele. QTe.qwr-7D.1 collocated with a number of other QTL, three detected within 
this study for dry biomass (QTe.qwr-7D.1), leaf area (QTe.qwr-7D.1) and Zadoks (QTe.qwr-
Figure 4.19 – Genetic map of chromosome 7B with the QTL identified in this study and some reported in the 
literature, and boxplots of BLUEs for TE for each family of the Su-NAM. 
The location of significant markers identified by MLMM (on the bottom) is presented on the chromosome map, 
as well as the size of QTL both from this study and QTL reported in the literature (on the top, same legend as 
in Figure 4.5). Boxplot subtitles indicate the SNP marker associated with each QTL, its marker effect for TE 
(g kg-1) and the proportion of lines from the Su-NAM which have the donor parent allele for that marker. 
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7D.1). One QTL reported in the literature by (Rebetzke et al., 2013) also collocated with 
QTe.qwr-7D.1.  
 
Genotypes with the highest or lowest TE have a wide distribution for trade-offs in cumulative 
transpiration and plant biomass  
By plotting biomass accumulation against cumulative transpiration up to harvest (Figure 
4.21), the relationship between the two traits from which TE is derived can be observed. 
Cumulative transpiration and biomass are highly correlated (r = 0.95), meaning that plants 
which accumulate more biomass also tend to transpire more water, and vice versa. The 
genotypes with highest TE are above the trend line, and all genotypes with lowest TE are 
below it, however they are spread along the range of biomass and cumulative transpiration 
values. It is worth noting that the rankings of 10 extreme “Low” and “High” TE presented in 
Figure 4.21 are based on the BLUEs used in the MLMM predictions. The BLUEs generated 
from the combined analysis of biomass and transpiration (Figure 4.21) were rescaled to 
smaller values due to the properties of best linear unbiased predictors, and so do not match 
the exact values of the original BLUEs (i.e. in some places, genotypes appear to have lower 
or higher TE than the genotypes which have been selected as the lowest or highest TE 
genotypes (in red and blue, respectively on Figure 4.21).  
Figure 4.20 – Genetic map of chromosome 7D with the 
QTL identified in this study and some reported in the 
literature, and boxplots of BLUEs for TE for each family of 
the Su-NAM. 
The location of significant markers identified by MLMM (on 
the bottom) is presented on the chromosome map, as well 
as the size of QTL both from this study and QTL reported 
in the literature (on the top, same legend as in Figure 4.5). 
Boxplot subtitles indicate the SNP marker associated with 
each QTL, its marker effect for TE (g kg-1) and the 
proportion of lines from the Su-NAM which have the donor 
parent allele for that marker. 
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Genotypes which deviate further from the underlying population regression of biomass 
against cumulative transpiration are the genotypes which give the greatest response in 
terms of biomass relative to the amount of water they transpire (Figure 4.22a). Similarly, 
genotypes deviating more for cumulative transpiration give the greatest response in terms 
of water used to produce biomass (Figure 4.22b). Viewing genotypic response of biomass 
relative to cumulative transpiration in this way allows favourable genotypes to be identified 
based on more than one trait, as is the case when observing TE as the ratio of these two 
traits. The genotypes identified as having the highest and lowest TE are spread out along 
the axis for cumulative transpiration, meaning that although they all have a similarly high 
ranking for TE alone, their performance for other important traits like biomass or total water 
use varies widely. The high and low TE lines were also not typically the extreme genotypes 
for either biomass or transpiration (Figure 4.21 and Figure 4.22). 
 
Genotypes with the highest and lowest TE tended to have a greater number of the respective 
positive or negative effect alleles 
r = 0.95 
Figure 4.21 – Bivariate plot of cumulative transpiration plotted against biomass 
Biomass produced plotted against cumulative water transpired for each genotype in the Su-NAM population 
at harvest. Green points represent the 10 genotypes with the highest TE, while red points represent the 10 
genotypes with lowest TE (see Table 4.7). Orange triangle represents reference parent, Suntop. All data is 
presented using BLUEs. 
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Genotypes with the highest TE tended to mainly have the donor alleles conferring positive 
effects, however most genotypes in the top 10 for TE still had a number of alleles for markers 
conferring negative effects (Table 4.7). Similarly, a number of genotypes with the lowest TE 
tended to have majority of the donor alleles for the negative effect markers, with only a few 
donor alleles for markers conferring a positive effect for TE (Table 4.7). The markers which 
confer small-moderate effects (both positive and negative) also tended to be segregating in 
Figure 4.22 – Deviation of biomass and cumulative transpiration from the population mean  
The deviation of each genotype in the Su-NAM population from the population mean for  
a) biomass of relative to its cumulative transpiration, and b) cumulative transpiration relative to biomass. 
Deviation is calculated as the deviation from the mean of the fitted line in Figure 4.21. Green points represent 
the 10 genotypes with the highest TE, while red points represent the 10 genotypes with lowest TE (see Table 
4.7). Orange triangle represents reference parent, Suntop. All data is presented using BLUEs. 
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more families, while the markers conferring major effects for TE segregated in far fewer 
families (Table 4.6 and Table 4.7). QTe.qwr.3B.1 was the marker with the greatest positive 
effect, however it was only present in one of the top 10 genotypes with the highest reported 
TE, as well as one genotype in the bottom 10. A number of QTL (both with positive and 
negative effects) had very little prevalence in any of the top or bottom 10 genotypes, such 
as QTe.qwr-3B.1, which was present in only one of the top 10 genotypes, as well as one of 
the bottom 10 performing genotypes. One of the markers for QTe.qwr-5A.1 (5A.1-
SNP13518 had the largest negative effect, and largest effect overall, however, was only 
present in two genotypes in the bottom 10 genotypes.  
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 Table 4.7 – G
enetic characteristic of top and bottom
 perform
ing genotypes for TE.  
The presence of the donor allele for each of the 23 identified m
arkers for TE (sorted in descending order based on their effect size) are 
presented for highest and 10 low
est perform
ing genotypes for TE (denoted by the “H
igh” or “Low
” rank; based upon BLU
Es). Presented 
alongside each genotype is the m
ean TE for its respective reference parent (Suntop) and donor parent. C
ells w
ith a “X” indicate that 
polym
orphism
 for the corresponding Q
TL is present in the fam
ily of respective genotype, and that the donor allele from
 the respective 
donor parent is present. The shading of cells w
here a donor allele is present corresponds to the size of the effect (darker green = greater 
positive effect from
 Suntop allele, darker red = greater negative effect from
 Suntop allele). C
ells w
ith a single dash indicate that 
polym
orphism
 for the corresponding Q
TL is present in the fam
ily of respective genotype, and that the Suntop allele is present. C
ells shaded 
dark grey w
ith no dash or “X” indicate that the corresponding Q
TL is not polym
orphic in the fam
ily of the respective genotype. M
arkers 
‘5A.1-SN
P13518’, ‘5A.1-SN
P06040’ and ‘5A.1-SN
P06108’ refer to the m
arkers associated w
ith Q
Te.qw
r-5A.1. 
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Discussion 
20 QTL were identified for TE, including 8 significant markers with individual effects 
greater than 4% of total genetic variation 
For the nine families in the Su-NAM population, the family means for TE ranged from 4.58 
to 5.04 g kg-1 (9.8% genetic variation), with EGA Wylie having the lowest family mean for 
TE, and RIL114 having the highest (Figure 4.5). Using the MLMM GWAS technique, 22 SNP 
markers were identified on 20 QTL with a significant effect on TE in the Su-NAM population. 
While the size of marker effect varied widely, from 1.9% to 6.17% of total genetic variation, 
8 QTL were identified which explained more than 4% of the observed genetic variation each 
(including QTe.qwr-3A.2, which had an effect of 3.97% which has been rounded up to 4% 
for this discussion; Table 4.5). It is important to note that QTL of all effect sizes can be useful 
and beneficial to breeding efforts as these effects are not always consistent across different 
genetic backgrounds, and while the overall effect reported may be small, it may be highly 
beneficial in only some specific genetic backgrounds. 
 
Of the 20 QTL identified for TE, eight of them collocated with QTL reported in the literature 
for other traits related to water use efficiency, plant yield, biomass, maturity, and 
environmental response. CID is a trait of particular interest as it has been extensively studied 
in the past due to its negative correlation with TE (Rebetzke et al., 2008), and four of the 
QTL identified in this study (QTe.qwr-4A.1, QTe.qwr-5B.1, QTe.qwr-6B.1 and QTe.qwr-
7B.1) were collocated with QTL reported for CID (Rebetzke et al., 2008; Mora et al., 2015). 
Of these four QTL for TE, QTe.qwr-6B.1 was the only QTL with an effect size considered to 
be major (i.e. >4%). There were also multiple QTL for CID reported in the literature on 
chromosomes 1A, 3A, 5A, 5D, 7A, 7B and 7D which were not identified for TE in this study, 
and this may be due to differences in experimental conditions (i.e. this study was non-
stressed while many of the studies were conducted under drought and heat stress).  
 
QTL identified on chromosome 3B are of particular interest, as it has been studied 
extensively for a QTL associated with yield in heat and drought stressed environments 
(Bennett et al., 2012; Thomelin, 2018). The two QTL on chromosome 3B identified in this 
study for TE (QTe.qwr-3B.1 and QTe.qwr-3B.2) both have large effect on TE, contributing 
6.17% and 5.9% overall effect in the Su-NAM population. QTe.qwr-3B.1 also collocated with 
multiple QTL reported in the literature for related traits, including one QTL for stay green 
traits (Christopher et al., 2018), and another for canopy temperature (Bennett et al., 2012). 
These traits are also of interest as they may be intrinsically related to TE. A plants ability to 
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reduce canopy temperature ultimately relies on a trade-off between the cooling effects of 
transpiring water on reducing heat stress and conserving water for biomass accumulation. 
Stay-green has also been linked with increased yields under post-flowering drought 
conditions (Christopher et al., 2018), which is where increased TE may also play a beneficial 
role. Increased TE may lead to improved stay-green by conserving water further into the 
season (Christopher et al., 2018). QTe.qwr-3B.1 did also collocate with another QTL 
discovered in this study for dry biomass, which is a good indication that this QTL derives its 
effect on TE by altering biomass accumulation. The same can be said for other QTL, such 
as QTe.qwr-6A.1, which collocated with another QTL identified in this study for cumulative 
transpiration. As we know these traits are inter-related, finding the same QTL associated 
with these traits is not surprising, but is indicative of how the QTL can influence TE. 
 
The donor allele for QTe.qwr-5B.1 had an effect size of 3.04% of total genetic variation for 
TE, which although not considered a major effect in this study, is still considerable. 
QTe.qwr-5B.1 is another QTL of particular interest as it collocates not only with a QTL 
reported for CID, but also with QTL for yield, leaf porosity and stay-green (Figure 4.14). As 
discussed above, stay-green and TE are likely to be related, and both can lead to improved 
yields under drought conditions (Christopher et al., 2018). Leaf porosity is also likely to be 
linked with TE, as the porosity of leaves is directly responsible for the amount of water that 
is able to be transpired. The concept of relatedness between stomatal traits and transpiration 
efficiency in wheat is discussed by Condon et al. (1990) and Chenu et al. (2018), so the 
discovery of the same QTL being significantly associated with both traits is supportive of this 
theory.  
 
This collocation of QTL between independent studies for traits that are known to be related 
is a good indication that the MLMM GWAS methodology has been able to accurately detect 
markers and identify QTL for TE in the Su-NAM population, including those which may not 
have been reported previously. Five of the QTL for TE identified in study (QTe.qwr-3A.1 and 
QTe.qwr-3A.2, QTe.qwr-3D.1, QTe.qwr-5D.1 and QTe.qwr-7D.2) were not identified in any 
of the literature for related traits, and to our knowledge have not been reported previously 
for TE or related traits in wheat. These QTL all had a substantial effect: QTe.qwr-3A.1 
(3.48%), QTe.qwr-3A.2 (3.97%), QTe.qwr-3D.1 (2.4%), QTe.qwr-5D.1 (4.09%), and 
QTe.qwr-7D.2 (3.2%). Some QTL were also detected for multiple traits within this study 
(Figure 4.5).  
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Out of 8 major QTL for TE, only 2 had a positive effect on TE 
Only two markers for QTL (QTe.qwr-3A.2 and QTe.qwr-3B.1) stand out for having major 
positive effect on TE, with a 3.97% and 6.17% effect on TE, respectively (Table 4.5). 
QTe.qwr-3B.1 segregated for the donor allele in only two of the Su-NAM populations, 
Dharwar Dry and Drysdale, although in the ZWB10-37 there is a single genotype has a 
donor allele for QTe.qwr-3B.1. The large effect for TE for this QTL was observed in two 
families which are well adapted for drought-prone conditions. Notably, QTe.qwr-3B.1 was 
collocating with two other QTL, on for dry biomass reported in this study (QDw.qwr-3B.1) 
and one for canopy temperature reported by Bennett et al. (2012). Another QTL of large 
effect on the 5A chromosome (QTe.qwr-5A.1, composed of three significant markers with 
effect sizes ranging between 2.4% and 6.04%, and collocating with a large number of QTL 
reported in this study, as well as yield and canopy temperature QTL reported in the literature 
(Mathews et al., 2008; Pinto et al., 2010). QTe.qwr-5A.1 also collocated with the Vrn-1A 
gene, which affects vernalisation, which may also be related to the effect of QTe.qwr-5A.1 
on physiological traits, such as TE (Christopher et al., 2018). This indicates that many of 
these traits are controlled by genes within this select region of the wheat genome. Of 
particular note is the collocation of QTe.qwr-5A.1 with QTL for TRLA7, canopy temperature, 
and yield (Figure 4.13). This indicates that TE in the genomic region and under these 
environmental conditions could be influenced by transpiration rate (TRLA7) and canopy 
temperature (as a form of stomatal response to elevated VPD to cool the canopy and reduce 
transpiration). Schoppach et al. (2016) identified a number of QTL for various traits on the 
5A chromosome, most notable QSLP.ucl-5A, a major effect QTL relating to plant response 
to VPD. This QTL was identified at 111.45-112.37cM on the 5A chromosome, and while it 
does not collocate with any QTL identified in this study it is physically close to QTe.qwr-
5A.1, which is positioned at 61.3-91.3cM. Given the number of QTL for physiological traits 
located on the 5A chromosome (Mathews et al., 2008; Rebetzke et al., 2008; Pinto et al., 
2010; Schoppach et al., 2016), these QTL may be related and could be investigated further. 
 
Six of the QTL detected having a significant effect had a negative effect greater than 4% on 
TE; QTe.qwr-1A.3, QTe.qwr-3B.2, QTe.qwr-4B.1, QTe.qwr-5A.1, QTe.qwr-5D.1 and 
QTe.qwr-6B.1 (Table 4.5). Several of these markers were collocated with other QTL 
identified in this study and in the literature for the traits TRLA7, leaf porosity and CID 
(Rebetzke et al., 2008; Mora et al., 2015), all of which are different physiological traits related 
to the amount of water used by a plant. These traits and their potential link to TE is interested 
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as TRLA7 (cumulative transpiration per cm2 of leaf area on the final 7 days before sampling) 
is in essence a proxy trait for stomatal conductance. 
 
QTe.qwr-1A.3, QTe.qwr-5A1 and QTe.qwr-5D.1 all collocated with QTL for TRLA7 detected 
in this study, and as they are known to have negative effects for TE, they could be selected 
against in Suntop-derived breeding population. QTe.qwr-5A.1 also collocated with QTL for 
multiple other traits, which may or may not be interrelated, such as leaf area, SPAD, dry 
biomass, yield, canopy temperature and maturity. The three significant markers identified 
for QTe.qwr-5A.1 were segregating in the donor alleles in all 9 families within the Su-NAM 
population: 5A.1-SNP13518 and 5A.1-SNP06108 had large negative effects on TE (6.04% 
and 5.24%, respectively), however these markers were segregating in fewer families that 
5A.1-SNP06040 (Table 4.6 and Figure 4.13). 5A.1-SNP06040 had a smaller positive (2.4%) 
effect than the other two significant markers which collocate as part of this QTL, however 
there is greater segregation for the donor allele for this marker throughout the Su-NAM 
population and families.  
 
QTe.qwr-5D.1 had a negative effect of 4.09% for TE in the Su-NAM population and is also 
collocated with a QTL detected in this study for TRLA7. QTe.qwr-5D.1 is relatively prolific 
within the Su-NAM population, with 19% of genotypes already having the donor allele for 
this QTL. QTe.qwr-5D.1 is also a QTL of interest for future study as it did not collocate with 
any previously reported QTL, however with its considerable effect on TE (4.09%) and 
collocation with another QTL for a related physiological trait, this may be a novel QTL for 
further investigation.  
 
Limitation and opportunities of the QTL detection 
In the method used for detecting QTL, the population used was a genetically structured NAM 
population, the experimental design consisted of multiple short duration trials and the GWAS 
technique chosen was the MLMM method described by (Segura et al., 2012). The large 
number of genetic backgrounds included in the Su-NAM provided a wide range of genetic 
diversity, while the interrelatedness within and across families (as Suntop was a common 
parent for all families) assisted QTL detection using the MLMM GWAS technique (Kang et 
al., 2008). Relatively small family sizes may also have been a limiting factor for this genetic 
analysis (Combs and Bernardo, 2013), as each family within the Su-NAM had only 40-52 
RILs. For families of interest (i.e. where QTL of large effect are segregating most), further 
validation of the effect of these QTL using larger families could help to determine the full 
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extent of their effect when donor alleles are introduced into the elite Suntop material. As 
demonstrated in Chapter 3, the shorter duration experiments expand the capacity for high-
throughput phenotyping of large populations for genetic studies such as this. 
 
In several families (i.e. Dharwar Dry, EGA Gregory and Seri M82), the mean TE measured 
for the donor parent line was much lower than the mean for the family (Figure 4.5). For 
example, TE for Dharwar Dry was 10.7% lower than the mean TE for all genotypes in the 
Dharwar Dry family. By crossing these parental lines with Suntop, the progeny had much 
greater TE than the respective donor parent lines, demonstrating that overall Suntop has 
the potential to improve TE in multiple genetic backgrounds. A notable limitation to the 
potential for improvement of TE in elite material related to Suntop is that Suntop is already 
a highly transpiration efficient line, as shown in Figure 4.5, and was only outperformed for 
TE by RIL114 for both the donor parent line and family mean. 
 
For several of the QTL identified in this study, the direction of the effect (i.e. if the effect 
conferred by the donor is positive or negative) is not consistent across all families, and this 
should be considered when interpreting the results. For example, QTe.qwr.5A.2 on the 5A 
chromosome (Figure 4.13) has a reported effect for the donor allele of 2.4% for TE (0.056 g 
kg-1). However, when looking with at the differences in means for genotypes within each 
family that have either the Suntop or respective donor parent allele, two out of the five 
families show a decrease in mean TE for genotypes with the donor allele, and there are 
several other examples of this occurring for other QTL as well. This discrepancy is likely due 
to the different genetic backgrounds of some families compared to others, or simply due to 
the complexity of genetics and genetic studies (Combs and Bernardo, 2013). It is possible 
that in some families the overall genetic background or effects of other genes outweighs the 
effect of the specific QTL in question. Importantly, this does highlight how vastly different 
the effect of a QTL may be depending on the genetic background of the target genotype, as 
seen with some stay-green QTL in wheat (Christopher et al., 2018).  
 
Most donor parents have largely been bred for the Australian growing environments, several 
with common ancestors, thus it can be expected that for some QTL if would have a differing 
effect (i.e. QTe.qwr-6A.1 has a negative effect across the Su-NAM, however in ZWB10-37 
genotypes with the donor allele tended to perform better than those with the Suntop allele). 
The MLMM GWAS model used to calculate the overall effect of the markers does take these 
differences into account, and the effect size being reported can be thought of as the average 
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effect that marker had across all families (Segura et al., 2012). It would be misleading, 
however, to suggest that these markers will have a universal effect in all genetic 
backgrounds, and further investigation into the genetic background of a potential candidate 
gene or population should be conducted to ensure that the effect is consistent.  
 
Implication for breeding 
Improving TE in wheat has the potential to increase yield, particularly for the northern 
growing region of the Australian wheat belt where Suntop is widely grown (Ababaei and 
Chenu, 2019). By increasing TE, plants grown on soils with deeper moisture reserves will 
be able to conserve more water during the vegetative stages for use later during grain filling, 
when water stress is most common and most influential on yield. Suntop is a top performing 
cultivar in the northern growing region of Australia, and is already a high TE genotype, 
performing better than most genotypes and their respective donor parents in the Su-NAM 
population (Figure 4.4), with only one other family having higher TE for both the parental 
line and median family TE (RIL114). This potentially limits the amount of genetic gain for TE 
that can be achieved compared to Suntop, as has been observed in Figure 4.4, however 
this does present the potential to increase TE in other elite material by introducing the 
beneficial genes from Suntop. By targeting the specific QTL where the donor alleles 
conferred an advantage for TE, gains in TE for Suntop or other elite wheat varieties can be 
achieved much more efficiently. 
 
Eight QTL identified in this study had donor alleles which each conferred a major effect for 
TE in the Su-NAM population (either positive or negative effect; QTe.qwr-1A.3, QTe.qwr-
3A.2, QTe.qwr-3B.1, QTe.qwr-3B.2, QTe.qwr-4B.1, QTe.qwr-5A.1, QTe.qwr-5D.1 and 
QTe.qwr-6B.1). Some of these markers are also of interest as the donor alleles appear to 
be relatively rare within this population as they tend to only segregate in two or three families 
(Table 4.6). QTe.qwr-3B.1 is a QTL of particular interest, as it is the only major effect QTL 
(i.e. effect >4%) where donor alleles conferred a positive effect. All other QTL with large 
effect sizes had a negative effect conferred by the donor allele. The positive effect of 
QTe.qwr-3B.1 is seen mainly in the Dharwar Dry and Drysdale families, which are both well-
known varieties for CID and/or drought adaptation (Rebetzke et al., 2008).  
 
Given that several of these large-effect QTL do not occur in the same genetic backgrounds, 
there is the potential that they may have an additive effect for TE in Suntop if they were 
selected for together. If this was the case, then by selecting for or against the donor alleles 
104 
for these 8 QTL, TE in Suntop could potentially be changed by as much as 0.929 g kg-1 
(39.6%). As well as these QTL with large effect sizes, there are a number of other QTL 
detected in this study which had smaller effect sizes overall, but were observed having large 
effects in particular families, such as QTe.qwr-3D.1. Overall, this QTL had an effect of 0.056 
g kg-1 in the Su-NAM population, but in the Drysdale family the genotypes with the donor 
allele had a mean TE nearly 0.5 g kg-1 greater than the mean of genotypes with the Suntop 
allele (Figure 4.10). This result would indicate that by crossing Suntop with Drysdale, greater 
TE could be realised. Other QTL, such as QTe.qwr-4A.2 and QTe.qwr-7D.1 have a similar 
pattern of differing effect sizes in different families, highlighting that in certain genetic 
backgrounds some QTL may be more beneficial (or deleterious) than in others. As well as 
these QTL and markers with positive effect which could be selected for, there are a number 
of QTL with negative effects which should be selected against to prevent potential loss of 
TE. 
 
By looking at the highest and lowest lines in terms of TE (Table 4.7 and Figure 4.21), several 
lines with potential to assist in breeding can be identified. The top performing line for TE 
(SUNTOP-352) is a very promising line as it has five out of ten of the donor alleles with 
positive TE effect and only one of the alleles for the negative. Similarly, the other genotypes 
of high and low performance can be investigated for their makeup of the QTL identified in 
this study. Assuming that the positive effect markers can be stacked to some extent, they 
could potentially be used to integrate all of the positive QTL whilst also exclude the negative 
alleles to create an elite TE genotype.  
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Conclusion 
From this study using the Su-NAM population, high-throughput phenotyping and the MLMM 
GWAS technique for marker identified, 22 significant markers representing 20 QTL were 
identified for TE. Out of those 20 QTL, eight had major effects for TE estimated to be greater 
than 4% of the total observed genetic variation. One of the major QTL had a positive effect 
where the donor allele was present, while the other seven QTL had negative effects for TE. 
These positive or negative effect QTL can be used for breeding purpose, to either select for 
or against them in order to maximise TE in Suntop or other elite lines. The Suntop line itself 
was already very transpiration efficient with very few RILs within the Su-NAM outperforming 
it for TE, so increases in TE are not likely to be as high as the reported QTL effect size. 
However, if the QTL effects are able to be stacked together additively then a considerable 
increase in TE for Suntop, or other desirable material, could be possible. There were certain 
limitations to this method, namely that the size of each family within the Su-NAM population 
was relatively small. Further investigation and validation of these QTL in families of interest, 
with larger number of lines, or in populations with more diverse genetic backgrounds would 
provide more information on the performance and importance of these QTL in a wider range 
of genetic populations. 
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Chapter 5: Validation of Su-NAM QTL in a population with different genetic 
backgrounds 
 
 
Introduction 
Global food security is predicted to face unprecedented strain as global population continues 
to rise (Borlaug and Dowswell, 2005; Godfray et al., 2010), while environmental conditions 
are expected to become increasingly variable, significantly impacting crop productivity in the 
coming decades (Potgieter et al., 2013; Watson et al., 2017). One of the critical limiting 
factors for yield of rainfed crops in Australia is water availability and timing of rainfall to 
alleviate stress, particularly in the northern region where the majority of rainfall is received 
during the summer months, and winter crops (such as wheat) rely on water stored in the soil 
(Chenu et al., 2013). In this scenario, increasing the efficiency with which plants are able to 
utilise available water reserves to produce biomass (transpiration efficiency) could allow soil 
water reserves to be sustained for longer before being depleted, thus potentially increasing 
the amount of water available for grain filling.  
 
In the previous chapter, 22 molecular markers grouped into 20 QTL were identified for TE 
in the Su-NAM population, along with 81 markers for other physiological traits (Table 4.5). 
As the Su-NAM population is based on a single reference parent (Suntop) crossed with 
multiple donor parents, the prevalence and effect of these QTL can also be tested in other 
parts of the multi-reference NAM (MR-NAM) population (Appendix 7). In the Su-NAM 
population, the magnitude and direction of the QTL effect varied between families (Figure 
4.7 - Figure 4.20). It is useful to test these QTL in a different population to determine how 
they may respond in other genetic backgrounds, as the benefit of an allele can be highly 
dependent on the background in which it is being tested (Richard, 2017). In this study, a 
different sub population of the MR-NAM (Appendix 7) was used to investigate the QTL 
identified in the Su-NAM. We nominated to subset and test the Dr-NAM population, which 
is derived from Drysdale as the reference parent, crossed with Suntop, Mace and Scout. 
Drysdale is a variety bred specifically to have high TE and drought adaptation by selection 
for CID (Condon et al., 2004; Richards, 2006). To create the Dr-NAM, Drysdale has been 
crossed with Suntop, Scout and Mace, each an elite variety from the northern, southern and 
western wheat growing regions, respectively (note, the lines derived from the Suntop 
crosses are in common to those from the Su-NAM which was used in Chapter 4 for QTL 
discovery; Appendix 7).  
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The Dr-NAM population comprised of three families (Suntop, Scout and Mace) with 153 lines 
in total (Appendix 7), compared to the Su-NAM which had 457 lines (Chapter 4). The smaller 
number of lines in the Dr-NAM meant that a de novo QTL discovery approach was not 
anticipated to have the same power as the original GWAS using the Su-NAM. However, we 
hypothesised that the QTL identified in the Su-NAM population may still be detected in the 
Dr-NAM population. If this is the case, then this would increase confidence in the QTL that 
were detected in the Su-NAM. This is a relatively novel way of confirming the effect of a QTL 
in multiple families, as genetic studies typically investigate a given population in multiple 
environments (Rebetzke et al., 2008; Christopher et al., 2018), whereas this study 
investigated multiple populations in multiple environments. A similar method was used by 
Rebetzke et al. (2008) to identify multiple QTL for CID in wheat using multiple populations 
across multiple environments to investigate how different environments and genetic 
backgrounds affected detection of QTL for the same trait. Looking at QTL across families 
could also help identify which reference or donor alleles are most beneficial for TE when 
using these QTL to assist with breeding. As not all 22 markers associated with the 20 QTL 
in the Su-NAM are polymorphic in the Dr-NAM population (Table 4.6), the segregating 
markers with highest level of statistical significance within each QTL were identified and 
characterised. The aim of this study was therefore to (i) validate if QTL identified in the Su-
NAM can be detected as significant in another independent experiment and in a population 
with a differing genetic background, and (ii) characterise the effect of these QTL in genetic 
backgrounds other than Suntop (i.e. Scout and Mace). 
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Materials and Methods 
Overview 
A short-duration experiment (T17E1) was conducted following the methodology described 
in Chapter 3 using the Dr-NAM population (Drysdale crossed with Suntop, Scout and Mace; 
Table 5.1 and Appendix 7). Plants were grown in an automated lysimetry platform as 
described in Chapter 4, known as the ‘APAD’ (Figure 4.1; Chenu et al, 2018) with non-
limiting water and nutrient conditions. This platform is housed in a polyhouse tunnel without 
temperature controls at The University of Queensland, Gatton Campus, Australia. Plants 
were harvested between the stages of flag leaf emergence (Zadoks decimal growth stage 
GS40) and mid-booting (GS46; Zadoks et al. (1974)). Above ground dry biomass and water 
use from sowing until harvest (Table 4.2) were used to calculate TE per plant. The presence 
of QTL from the Su-NAM in the Dr-NAM was tested for 17 markers (representing the 20 QTL 
identified in Chapter 4).  
 
 
Drysdale Nested Association Mapping (NAM) Population 
The NAM population used for this experiment was developed as part of a previous project 
which was focused primarily on identifying root architectural traits that confer greater drought 
adaption in wheat (Richard, 2017). For the current experiment, the Drysdale NAM population 
(Dr-NAM) was used. The Dr-NAM contains the Drysdale x Suntop family that has been 
previously examined as part of the Su-NAM in Chapter 4, as well as two unexamined 
families, Drysdale x Mace and Drysdale x Scout (Table 5.1 and Appendix 7). The Drysdale 
x Suntop family was included in this validation exercise as a positive control and to add 
power to the analysis. During the development of the MR-NAM population, genotypes were 
selected based on flowering time and plant height to be as consistent with their respective 
reference parents as possible (i.e. Mace, Scout or Suntop).  
 
As Drysdale is the common parent for all three family, it is referred to in this chapter as the 
reference parent, while Mace, Scout and Suntop are each referred to as the donor parents 
for their respective family. This terminology is not to be confused with Chapter 4, where 
Suntop was the reference parent and Drysdale was a donor. 
  
SUNTOP SCOUT MACE TOTAL 
DRYSDALE 52 50 51 153 
 
Table 5.1 – Structure of the Dr-NAM population 
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Growing conditions in the lysimeter phenotyping platform 
The growing conditions and platform used for this experiment (T17E1) were as described in 
Chapter 4, with automated weighing and watering of pots using the APAD platform (Figure 
4.1), and a shorter duration used to replicate experimental conditions. 
 
As in Chapter 4, the soil medium used for this experiment was the standardised UQ23 
potting medium, composed of 70% composted pine bark (particle size ranging from 0-5mm) 
and 30% coco (coir) peat with a pH range of 5.5-6.5 (pH was balanced during mixing using 
iron sulphate heptahydrate if acidic or dolomite if alkaline). The following fertilisers were 
incorporated per cubic meter of potting media: 1 kg Yates Flowtrace fertiliser (24% iron, 
0.75% copper, 0.5% manganese, 0.2% Zinc, 0.04% molybdenum and 0.33% boron), 0.4 kg 
superphosphate, 0.03 kg copper sulphate,1 kg gypsum and 6 kg Scotts Osmocote® Plus 
Trace Elements Landscape Formula (73.6% nitrogen, 6.5% phosphorus and 1.9% 
potassium). The soil surface of all pots was covered using plastic cling film, held in place by 
a plastic collar inserted into the rim of the pot, to minimise the evaporation of water from the 
soil surface and to help control weeds. Four seeds were sown through cross-shaped holes 
cut in the film (Figure 4.1c). 
 
Experimental design 
The T17E1 experiment was grown in 364 pots arranged in a rectangular array of 13 columns 
by 28 rows across 8 benches. The trial was designed as a replicated block design, where 
all Dr-NAM lines were replicated twice, all parents (Drysdale, Mace, Scout and Suntop) were 
replicated 6 times each, and the 11 remaining donor parents from the MR-NAM were 
replicated three times, except RIL114 and FAC10-16 which were only replicated twice. 
Three additional pots with no plants were used to measure any background moisture loss, 
e.g. the evaporation from the soil surface through the holes cut in the plastic film (Figure 
4.1c).  
 
Environmental measurements 
Air temperature (Tair) and atmospheric relative humidity (RH) were measured using a 
Vaisala HMP60 sensor (Vaisala, Helsinki, Finland), and photosynthetically active light 
radiation was measured using a photon flux radiation sensor (Apogee Instruments, 
Providence, Utah USA) at 1 m above the soil surface of the pots, recording every minute 
with an average every 10 minutes.  
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Vapour Pressure Deficit (VPD) was calculated as follows (Alduchov and Eskridge, 1996): 
 VPD =  0.61078 ∗ (1 −  RH/100) ∗ exp (17.269 ∗ Tair  Tair + 237.3 ) 
 
Plant traits 
Plant development was recorded weekly for two plants per pot of the parental lines, and at 
harvest for one plant per pot for all other NAM lines using the plant growth scale described 
by Zadoks et al. (1974). All pots were harvested on a common date when the mean growth 
stage was between flag leaf emergence and mid-boot (GS40-45; Zadoks et al. (1974)). One 
plant per pot was harvested for detailed measurement (biomass and green leaf area) while 
all other plants in each pot were harvested and pooled before total biomass was measured. 
 
Dry biomass (DW) was measured by drying all plants at 70oC for at least 3 days before 
weighing. Green leaf area (LA) was determined by removing all leaf blades from the single 
plant per pot and measuring the area with LI-COR LI-3100C area meter. Leaf area per pot 
was estimated by taking the proportion of total pot dry biomass found in the single plant and 
applying that to the single plant leaf area:  
 
𝐿𝐿𝐿𝐿𝑝𝑝 = 𝐿𝐿𝐿𝐿𝑖𝑖  ×  𝐵𝐵𝑝𝑝𝐵𝐵𝑖𝑖  
LAp = Leaf area (all plants per pot), LAi = Leaf area (individual plant), Bp = Biomass (all plants per pot), Bi = Biomass (individual plant) 
 
Leaf greenness (as a proxy for chlorophyll content; SPAD) was measured with a SPAD 502 
Plus Chlorophyll Meter (Spectrum Technologies, Aurora, Illinois) once per pot immediately 
prior to harvest for either two plants per pot for parental lines or one plant per pot for all NAM 
lines. SPAD measurements were taken on either the flag leaf, or the latest (youngest) fully 
expanded leaf, by averaging five evenly spaced measurements from the base to the tip of 
each leaf (between the leaf midrib and the leaf edge). Cumulative transpiration per pot 
(Transp) was calculated using the difference in combined pot and reservoir weight before 
and after watering each morning, minus the average cumulative water lost from the water 
loss control pots with no plant in each experiment, for either the whole trial duration (i.e. from 
plant emergence to harvest; Transp) or for the final seven days before harvest (Transp7).  
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Transpiration efficiency (TE) was calculated as the ratio of dry biomass per cumulative 
kilogram of water transpired from sowing until harvest: 
 
𝑇𝑇𝑇𝑇 =  𝐷𝐷𝑊𝑊
𝑇𝑇𝑊𝑊𝑊𝑊𝑒𝑒𝑢𝑢𝐶𝐶
 
 
Transpiration per unit of leaf area for the 7 days prior to harvest (TRLA7) was calculated as: 
 
𝑇𝑇𝑅𝑅𝐿𝐿𝐿𝐿7 =  𝑇𝑇𝑊𝑊𝑊𝑊𝑒𝑒𝑢𝑢𝐶𝐶7
𝐿𝐿𝐿𝐿
 
 
Modelling spatial variation to produce Best Linear Unbiased Estimates (BLUEs) for 
genotypic values  
For each trait, two steps were used to model the data (Appendix 11). First, a linear mixed 
model was used where ‘Genotype’ was fitted as a fixed effect while experimental design 
factors of Replicate and spatial layout factors, Row and Column, were fitted as random 
effects. This first model was used to identify outlier data for individual pots, by fitting a 
heterogeneous correlation model to random genotype effects. This model was also used to 
identify any spatial effects due to pot position in each experiment, and any outlier pots within 
the data, where an outlier was defined as a pot with a standardised conditional residual error 
effect greater than 5 standard deviations from the mean of zero. Outliers were excluded 
from further analysis. 
 
In a second step, the same model was applied again once the outliers had been removed 
to predicts the best linear unbiased estimates (BLUEs) for each trait on a Genotype basis 
(i.e. one value per trait per genotype for T17E1). 
 
All models were fitted as a linear mixed model in ASReml-R (Butler et al., 2009) in the R-
software environment (R Core Team, 2018).  
 
Genetic correlation between experiments 
The correlations for genetic performance between T16E1, T16E2 (Chapter 4) and T17E1 
were also calculated for each trait using a linear mixed model including terms for Genotype, 
Experiment, and their interaction, as well as experimental design and spatial layout terms, 
in a similar model to that used in Chapter 4 (Appendix 11). Experiment was fitted as a fixed 
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effect and the Genotype by Experiment interaction was fitted as a random effect. A 
heterogeneous variance structure was used to model the genotype by experiment variance, 
providing estimates of genetic variance for each experiment, and genetic correlation 
between each experiment, and between T17E1 and the combined 2016 experiments 
(T16E1 and T16E2; Chapter 4). A key consideration for analysis across experiments is the 
number of genotypes in common between each pair of experiments, known as genetic 
concurrence. For this combined analysis, there were 52 NAM lines in common between the 
T17E1 and the experiments in 2016. All analyses were conducted in ASReml-R (Butler et 
al., 2009) in the R-software environment (R Core Team, 2018). 
 
Cleaning of genomic data 
As part of the development of the MR-NAM population used in this project, all lines were 
genotyped using the genome-wide DArTseq molecular marker system, which provided 
18,827 SNP markers. Quality checking was conducted to remove markers with missing or 
unnecessary information. A SNP was excluded when it had (i) a heterozygote in at least one 
line, (ii) an allele frequency below 10% for the MR-NAM population, (iii) more than 20% 
missing values, or (iv) a missing rate over 50% within any of the families.  
 
Next, a Random Forest method was used to impute missing SNP values within the data 
frame, predicting the most likely values for the missing SNP data based on the available 
information (Breiman, 2001). For this chapter, an additional step to remove markers with an 
allele frequency below 10% in the Dr-NAM population was required as only the 153 
genotypes from the Dr-NAM were used. After quality checking and imputation 2,786 markers 
from the original 18,827 were retained for use in the genotypic analysis for this chapter (i.e. 
14.8%). 
 
 
Figure 5.1 – Steps to select proxy markers in each of the previously-identified QTL 
Selection of proxy markers to investigate the effect and significance of Su-QTL in the Dr-NAM population. 
Note: Table 5.4g reports the markers reported from Step 2 as the “proxy markers” while Table 5.4i reports 
the number of significant markers within each QTL as identified in Step 3 
•Test QTL interval
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lowest Pvalue
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model
•Test QTL interval
•Report number of 
significant markers 
within QTL
3. Multi
Marker 
Model
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Genome Wide Association Study (GWAS) using Multi-Locus Mixed Linear (MLMM) models 
The Dr-NAM population was tested for any new QTL using the methodology described in 
Chapter 4 for the MLMM GWAS technique.  
 
Identification of suitable markers to test the presence of previously identified QTL 
As markers from the Su-NAM population did not necessarily segregate in the Dr-NAM 
population (e.g. Table 4.5), a marker within the QTL identified in the Su-NAM, which was 
segregating within the Dr-NAM population, was selected for each Su-NAM QTL. In this 
chapter, we referred to these nearby markers as a ‘proxy marker’ for the respective Su-NAM 
QTL.  
 
First, all markers in the Dr-NAM population were tested to ensure that they were polymorphic 
in greater than 10% of genotypes in at least one of the Dr-NAM families. A three step process 
(Figure 5.1) was used to select proxy markers and investigate their effect and probability of 
association with traits in the Dr-NAM population. In Step 1, all markers within the QTL 
interval (as defined in Table 4.5) were tested individually in a single marker model for each 
trait measured in the Dr-NAM population (Figure 5.1 Step 1). Given the simplicity of the 
single marker model and the fact that it does not fit the effects of other markers associated 
with the trait in question, as the MLMM GWAS does (demonstrated in Chapter 4; Figure 
4.4), most tested markers were not significantly associated with any of the traits in the Dr-
NAM in this analysis (P>0.05). As this is a known limitation of single marker models, the lack 
of significant markers was unsurprising. To address this issue, an iterative modelling 
approach was used to develop a multi-marker model focused on the region of the Su-NAM 
QTL that was most closely associated with the trait in the Dr-NAM population. Even though 
the single markers were not significantly associated with the traits individually, the P-values 
are still indicative of which markers are likely to be the most tightly associated with the trait 
when included in a multi-marker model, as well as indicating that the marker is segregating 
within the Dr-NAM population. Hence, the marker with the lowest P-value for each QTL was 
selected to be used as a proxy marker in a subsequent multi marker model, regardless of 
whether the P-value was significant or not.  
 
In Step 2, for one QTL at the time, all markers within the considered Su-NAM QTL were 
tested again one after the other, but this time using a multi-marker model, where the multi-
marker model used the markers identified as having the lowest P-value by the linear model 
in Step 1. This initial multi-maker model allowed us to fine-tune the model and identify which 
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markers were most significant when tested together in a multi-marker model. The marker 
with the lowest P-value per QTL in the multi-marker analysis was then selected for use in 
Step 3.  
 
In Step 3, a second multi-marker model was used to test all markers within the ranges of 
each QTL for a final time to determine how many markers within the QTL were significant. 
The model used in Step 3 builds upon the information provided in Step 1 and Step 2 to use 
a set of markers which are most appropriate for the study in a differing genetic population.  
 
QTe.qwr-7B.1 was of particular note, as it was identified in the Su-NAM population but as 
no proxy markers were able to be identified in the Dr-NAM population for this QTL it was 
removed from further analysis, meaning the total number of QTL tested in the Dr-NAM 
population was 19. 
 
Calculation of the probability of trait association and effect size 
The probability of association and effect size of each loci marker was calculated on BLUEs. 
This was done with a model that included terms for Experiment, NAM lines, Family structure 
(using a kinship matrix) and all individual markers identified as proxy markers for the Su-
NAM QTL as fixed effects. This analysis was undertaken in a linear mixed model framework 
using the ASReml-R software package (Butler et al., 2009; Appendix 12). As described in 
Figure 5.1, to identify suitable proxy markers for the Su-NAM QTL in the Dr-NAM population, 
both single and multi-marker models were used. The model of Step 3 (described above; 
Figure 5.1) returns the effect size and level of significance of each marker within the BLUEs 
for all genotypes in this experiment, correcting for spatial variation and population structure.  
 
The process described here was used to ensure that the markers used in the multi-marker 
model for the Dr-NAM population as proxies for the QTL detected in the Su-NAM population 
were as robust as possible. It is important to note that Table 5.4g reports the markers 
identified in Step 2 as the proxy markers (including the reported effect size and P-value), 
while Table 5.4i reports the number of markers within the respective QTL that were 
significantly associated with the trait (i.e. the proxy marker may have been non-significant 
even though other markers within the QTL were significant when tested in the multi-marker 
model described in Figure 5.1 Step 3). 
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Results 
Environmental conditions differed between experiments 
This study of the Dr-NAM population using experimental data from 2017 (T17E1) was 
conducted to determine whether it was possible to detect QTL previously identified in the 
Su-NAM population using experimental data from 2016 (T16E1 and T16E2). It is, therefore, 
of interest to compare the experimental conditions in each season with regards to the likely 
expression of the traits. T16E1 and T16E2 were the two experiments conducted during the 
2016 Australian wheat season (described in Chapter 4; Figure 4.3), while T17E1 was 
conducted in the 2017 Australian wheat season (Figure 5.2). In terms of mean temperature, 
VPD and solar radiation all three experiments were relatively similar (although T16E2 did 
experience slightly warmer conditions and greater solar radiation; Table 5.2), as was the 
total duration of each trial (in total Julian days as well as in thermal time). Due to the early 
and late season sowing times for each experiment, average daylight varied widely from 
sowing to harvest for all experiments, hence mean daily radiation may be more informative 
for comparing plant development and has been presented in Table 5.2. The main differences 
between the experiments were the patterns of timing of environmental variations. T16E1 
and T17E1 were sown early during the normal winter cereal season for northern Australia, 
however they did experience differing patterns of temperature and VPD. T16E1 experienced 
relatively high temperatures and VPD during the early growth stages and lower 
 
 
 
  
Exp. 
Sowing 
date 
Harvest 
date Trial duration 
Mean 
temp. 
Mean 
VPD 
Mean 
Radiation 
Mean 
leaf 
area 
Mean 
Zadoks 
stage 
Mean 
SPAD 
Mean 
Above-
ground 
biomass 
Cumulative 
transpiration 
        (d) (oCd) (oC) (kPa) (MJ/m2) (cm2) - - (g) (g) 
20
16
 T16E1 7/05/2016 (10.93) 
6/07/2016 
(10.45) 60 917 
19.9 
(15.9) 1.23 
7.85 
(478.9) 
1191 
(1159) 
41.3 
(44) 
46.2 
(46.5) 8.7 (9.1) 1720 (1691) 
T16E2 18/07/2016 (10.6) 
7/09/2016 
(11.7) 51 793 
20.1 
(15.6) 1.29 
10.27 
(533.8) 
1146 
(1101) 
38.7 
(38) 
49.4 
(46.7) 8.1 (8.6) 1849 (1946) 
20
17
 
T17E1 27/05/2017 (10.57) 
20/07/2017 
(10.62) 54 851 
21.9 
(16.3) 1.47 
7.51 
(413.1) 
877 
(818) 
40 
(40.5) 
45.6 
(45.6) 7 (6.7) 1517 (1459) 
   
7 days before harvest   7 days before harvest 7 days before harvest 
20
16
 T16E1 29/06/2016 (10.42) 
6/07/2016 
(10.45) final 7 days 
17.5 
(13) 1.01 
8.55 
(59.6) - - - - 595 
T16E2 31/08/2016 (11.52) 
7/09/2016 
(11.7) final 7 days 
21.2 
(17.3) 1.3 
11.5 
(80.5) - - - - 861 
20
17
 
T17E1 13/07/2017 (10.52) 
20/07/2017 
(10.62) final 7 days 
21.9 
(16.5) 1.3 
8.14 
(57) - - - - 446 
 
Table 5.2 – Experiment characteristics  
Sowing and harvest dates (photoperiod at each date shown in parenthesis as total hours), trial duration (in days and in 
degree days (oCd) after sowing), environmental information and plant characteristics at harvest. Experiments are labelled 
according to the year and order of experiment (i.e. T16E1 is the first experiment run in 2016). Daytime temperatures 
(temperature in parenthesis is the 24 hour mean, radiation presented as mean daily radiation from sowing to harvest, 
with cumulative radiation for the same period in parenthesis), daytime VPD and daily radiation were calculated from 
sowing until harvest, as well as for the final 7 days before harvest (bottom of table). Plant leaf area, Zadoks stage, above 
ground biomass and cumulative transpiration are presented for the mean of the entire Su/Dr-NAM populations 
(respective of each experiment) and for the respective reference lines (Suntop or Drysdale; in brackets). Cumulative 
transpiration was calculated from sowing to harvest as well as for the final 7 days before harvest (bottom of table). 
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temperatures and VPD leading up to harvest (Figure 4.3), while T17E1 experienced similar 
high temperature, low VPD conditions at sowing which persisted throughout the experiment 
until harvest (Figure 5.2). Conversely, T16E2 was sown late in the season and experienced 
an increasing pattern of temperature and consistent VPD between sowing and harvest 
(Figure 4.3). These differences in environmental conditions, particularly in the periods 
immediately before each experiment was harvested, would have an impact on the total 
amount of water transpired and the amount of biomass produced, potentially affecting TE.  
 
T16E1, T16E2 and T17E1 were highly correlated for most important traits 
Although grown in different years and under different environmental conditions (Table 5.2, 
Figure 4.3 and Figure 5.2), the genetic correlation between all seven major traits was high 
for T16E1, T16E2 and T17E1 (Table 5.3). Both cumulative transpiration and plant biomass 
were closely genetically correlated between the three experiments (r >0.9), while 
transpiration efficiency had a slightly weaker correlation between the three experiments (r = 
0.76). Green leaf area and TRLA7 were also closely correlated (r = 0.78), while SPAD and 
Zadoks scores were also less but still highly correlated (r > 0.7). These results demonstrate 
that the relative performance of the genotypes in common between the three experiments 
described were very similar, in particular for the principal components of TE (biomass and 
 
Figure 5.2 – Daily mean temperature and VPD of experiment T17E1.  
The two green bars represent to duration (days) of each trail. The black lines represent mean daily 
temperature while orange indicates mean daily VPD (daytime average). 
Temperature 
(oC) 
  
 
 
Exp TE  Transp Biomass TRLA7 LA SPAD Zadoks 
T16:T17E1 0.76 0.99 0.91 0.98 0.99 0.73 0.88 
 
Table 5.3 – Genetic correlation between both 2016 experiments (T16E1 and T16E2) and T17E1 
Genetic correlation presented for Transpiration efficiency (TE), Cumulative transpiration (Transp), Biomass, 
Cumulative transpiration for 7 days prior to harvest (TRLA7), Leaf area (LA), SPAD and Zadoks. 
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transpiration). This provides a degree of confidence for making comparison of trait 
associations detected in the two years. 
 
The Suntop family had the highest TE in the Dr-NAM population 
The mean TE for the three families in the Dr-NAM population (Suntop, Scout and Mace) 
ranged from 4.43 to 4.7 g kg-1 (5.7% genetic variation; Figure 5.3), which is smaller than the 
genetic variation observed in the Su-NAM population (8.9%). This is likely due to the Dr-
NAM population being smaller than the Su-NAM population and having less genetic diversity 
(Table 5.1 and Appendix 7). TE for Mace was 17.8% lower than Scout and Suntop, however 
the Mace family mean was only marginally lower than that of the Scout family (Figure 5.3). 
This indicates that by crossing Drysdale with Mace, Scout and Suntop, the TE for all three 
elite wheat varieties can be increased.  
 
Progeny of Drysdale-crosses with Suntop, Scout and Mace segregated transgressively for 
most traits 
For two of the traits of interest in this study (i.e. TE and transpiration for 7 days prior to 
harvest per unit of leaf area; TRLA7), the Suntop x Drysdale family consistently had greater 
values than the other families (Mace and Scout; Figure 5.3). For TE, the family mean for 
Suntop was greater than both parental lines Drysdale and Suntop and is significantly greater 
than that of the Mace family (Figure 5.4a). The Suntop family had the highest TE, as well as 
the highest TRLA7 and lowest SPAD. Mace had the lowest TE, lowest TRLA7, lowest dry 
biomass and the highest SPAD; and Scout was consistently between Mace and Suntop for 
these four traits. There was no significant difference between any family means or parental 
lines for cumulative transpiration, however for cumulative transpiration for the 7 days prior 
to harvest (Transp7) the Mace family transpired significantly less than either Suntop or Scout 
families. The Mace family mean for dry biomass was also significantly less than the other 
families, however, green leaf area and physiological development (Zadoks score) were not. 
SPAD, which is a standardised measurement of leaf greenness (as a proxy for chlorophyll 
content) was significantly higher in Mace than the other families, particularly Suntop.  
 
Some of the Su-NAM QTL were independently detected using MLMM in the Dr-NAM 
population 
Although many of the single markers from QTL of the Su-NAM were not re-identified in the 
Dr-NAM using the MLMM methodology, one of the Su-NAM QTL (QTe.qwr.5A.1) was 
reidentified (represented by “MLMM17_TE.5A.1” in Figure 5.4 on chromosome 5A). One of  
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Figure 5.3 – Phenotypical performance of NAM families within the Dr-NAM population 
Data presented per family within the Dr-NAM population for transpiration efficiency, cumulative 
transpiration, dry biomass (shoot only), cumulative transpiration for the 7 days prior to harvest per unit of 
leaf area, cumulative transpiration for the 7 days prior to harvest, leaf area, SPAD and Zadoks score at 
harvest. Boxplots represent BLUEs for all genotypes within each family, upper and lower quartiles 
represented by the black boxes and whiskers, respectively, the median value for each family represented 
by the horizontal black line, solid black points represent outliers, the red line represents the BLUE value 
for Drysdale, and green triangles represent the BLUE value of each donor parent. Different letters following 
family names indicate groups with significantly different family means (p < 0.05), ^ inside the parenthesis 
indicates that the respective family mean is significant different from the Drysdale parental mean, while an 
asterix (*) after the parenthesis indicates that the parental line for each family (Mace, Scout or Suntop) 
was significantly different from Drysdale. 
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the markers identified by MLMM in the Dr-NAM population for TE on the 5A chromosome 
was the same marker identified for the same QTL in the Su-NAM population (SNP06108; 
Table 4.5). QTL for two other traits (DW and TRLA7) were also identified using independent 
MLMM GWAS for their respective traits in the same location at MLMM17_TE.5A.1:2. The 
new DW and TRLA7 QTL are presented in Figure 5.4 by markers starting with 
“MLMM17_DW.5A.1” and “MLMM17_TRLA7.5D.1”, respectively. On chromosome 5A, QTL 
for TE, dry biomass and Zadok stage were all identified in very close proximity, and on 
chromosome 5D there were QTL for four traits collocating (TE, dry biomass, TRLA7 and 
Zadoks stage). Many of these traits are physiologically related, and are also located in close 
proximity to the VRN1 vernalization gene (Christopher et al., 2018).  
  
In total, 39 markers were identified as being significantly associated with traits of interest 
using the MLMM GWAS technique in the Dr-NAM population, two of which were for TE. 
Zadoks stage (development) was the most frequently detected, with 21 markers 
representing 17 QTL identified across 13 of the 21 chromosomes. In many places, the QTL 
identified using MLMM in the Dr-NAM population collocated between traits, such as QTL for 
cumulative transpiration and dry biomass collocating on chromosome 1D.  
 
Of the 20 QTL identified for TE in the Su-NAM population, 6 QTL were significantly 
associated with TE in the Dr-NAM population 
Six QTL identified in the Su-NAM (Figure 4.5 and Table 4.5) were also detected in the Dr-
NAM population (Figure 5.4 and Table 5.4). While four out of the 22 markers associated with 
TE in the Su-NAM (as detected by MLMM GWAS in Chapter 4) were not polymorphic in the 
Dr-NAM population (Table 5.4), proxy markers were used to test the probability of 
association and effect of previously identified QTL in the Dr-NAM population. One QTL 
(QTe.qwr-7B.1) had no polymorphism in the Dr-NAM population, nor did any marker within 
the QTL range, hence was removed from the analysis and results (Table 5.4). Table 5.4 
shows the 19 proxy markers representing the QTL in the Dr-NAM population. In the Dr-NAM, 
QTL effects for TE ranged from -0.168 g kg-1 to +0.316 g kg-1 (7.91% and 14.86%, 
respectively; Table 5.4 and Figure 5.5). The QTL with the largest effect was QTe.qwr-5A.1, 
which had an effect of 0.316 g kg-1 in the Dr-NAM (14.86%). QTe.qwr-5A.1 was also one of 
the largest effect QTL for TE in the Su-NAM population (Chapter 4). The 13 QTL that were 
not detected in the Dr-NAM population have still been presented in Figure 5.5 to allow 
comparison with results from the Su-NAM. 
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As shown in Table 5.4, six of the proxy markers for Su-NAM QTL had a significant effect on 
TE in the Dr-NAM population using the process described in Figure 5.1 Step 2 (i.e. QTe.qwr-
1A.3, QTe.qwr-4A.1, QTe.qwr-5A.1, QTe.qwr-5B.1, QTe.qwr-6A.1 and QTe.qwr-6B.1; 
Table 5.4g). When all markers within each QTL were tested in the multi-marker model 
(Figure 5.1 Step 3), additional markers were identified as being associated with TE within 
the QTL range for four of these QTL (QTe.qwr-5A.1, QTe.qwr-5B.1, QTe.qwr-6A.1 and 
QTe.qwr-6B.1; Table 5.4i). These additional markers which are significantly associated with 
the QTL identified in the Su-NAM further support the validation of these QTL. 
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In the Dr-NAM population, genotypes with the highest and lowest TE tended to have a 
greater number of the respective positive or negative effect alleles only in the Suntop family 
In the previous chapter (Chapter 4), the presence of donor alleles with positive effect and 
the absence of allele with negative effects were relatively frequent in high-TE lines, and the 
opposite occurred in low-TE lines (Table 4.7). This remained the case for the Suntop x 
Drysdale cross where the Suntop alleles tended to confer greater TE (Table 5.5a), with the 
two QTL of greatest positive effect only having polymorphism in the Suntop family, and being 
well represented in the top 10 performing genotypes. By contrast, the bottom 10 genotypes 
had a low frequency of the donor alleles (Suntop) for these two QTL with greatest positive 
effect but a greater frequency of donor alleles for the three QTL with greatest negative 
effects. No clear trend was found for the Mace and Scout families. In both families, very little 
difference was observed between high and low TE genotypes for the studied QTL, however 
the was a slight trend towards high and low performing genotypes having slightly more or 
less donor alleles for positive or negative effect QTL, respectively (Table 5.5b and 5.5c).  
 
When comparing both parent lines to each of the NAM lines for mean TE, it is interesting 
that almost all genotypes that performed in the top 10 for each family had a greater TE than 
both parents. Similarly, almost all NAM lines which ranked in the bottom 10 for TE had a 
 
Figure 5.5 – The effect size of the Su-NAM QTL in the Dr-NAM population 
Effect of the proxy markers for each QTL (Table 5.4) identified in the Su-NAM population (Chapter 4) when 
tested in the Dr-NAM population. A positive effect (green) corresponds to increased TE for the donor allele 
(i.e. Suntop, Scout or Mace), while a negative effect (red) corresponds to greater TE for the reference allele 
(Drysdale). QTL effects are shown in lighter shading indicate that the corresponding QTL was not detected 
in the Dr-NAM population (e.g. QTe.qwr-1A.2) 
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lower mean TE than one or both parent lines, with the exception of the Mace family. All 10 
low TE lines in the Mace family still performed better than the Mace parent line for TE. 
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High 1 SUNTOP-68 Drysdale 4.70 4.58 5.53 0.147 0.333 X -   -  X -  -0.186 - X X  - X  - -  
High 2 SUNTOP-67 Drysdale 4.70 4.58 5.42 0.193 0.379 X -   X  - -  -0.186 X - X  - X  - -  
High 3 SUNTOP-73 Drysdale 4.70 4.58 5.39 0.320 0.404 X X   -  - -  -0.085 - X X  X -  - -  
High 4 SUNTOP-103 Drysdale 4.70 4.58 5.39 0.220 0.436 X X   -  X X  -0.216 X - -  - -  X -  
High 5 SUNTOP-93 Drysdale 4.70 4.58 5.33 0.140 0.316 X -   -  - -  -0.176 X - X  X -  - -  
High 6 SUNTOP-56 Drysdale 4.70 4.58 5.20 0.204 0.316 X -   -  - -  -0.112 - - -  - -  X -  
High 7 SUNTOP-65 Drysdale 4.70 4.58 5.10 0.000 0.000 - -   -  - -  0.000 - - -  - -  - -  
High 8 SUNTOP-66 Drysdale 4.70 4.58 5.08 -0.110 0.152 - X   X  - -  -0.262 X - X  X X  X -  
High 9 SUNTOP-98 Drysdale 4.70 4.58 5.05 0.246 0.393 X -   X  - X  -0.147 - - -  X -  - -  
High 10 SUNTOP-84 Drysdale 4.70 4.58 5.05 0.086 0.411 X -   X  X X  -0.325 - X X  X -  X X  
Low 10 SUNTOP-100 Drysdale 4.70 4.58 4.22 -0.180 0.018 - -   -  X -  -0.198 - X -  X -  - X  
Low 9 SUNTOP-54 Drysdale 4.70 4.58 4.22 -0.186 0.000 - -   -  - -  -0.186 - X X  - X  - -  
Low 8 SUNTOP-85 Drysdale 4.70 4.58 4.15 0.005 0.018 - -   -  X -  -0.013 - X -  - -  - -  
Low 7 SUNTOP-94 Drysdale 4.70 4.58 4.15 -0.042 0.107 - X   -  X -  -0.148 X X -  X X  - -  
Low 6 SUNTOP-72 Drysdale 4.70 4.58 4.15 -0.347 0.064 - -   X  - -  -0.410 X - -  - X  X X  
Low 5 SUNTOP-70 Drysdale 4.70 4.58 4.11 -0.156 0.166 - X   X  - X  -0.322 - - X  - X  X X  
Low 4 SUNTOP-76 Drysdale 4.70 4.58 4.01 -0.100 0.064 - -   X  - -  -0.164 X X X  X X  - -  
Low 3 SUNTOP-78 Drysdale 4.70 4.58 3.94 -0.230 0.170 - X   X  X -  -0.400 - X -  X -  X X  
Low 2 SUNTOP-59 Drysdale 4.70 4.58 3.92 -0.112 0.095 - -   X  X X  -0.207 - X X  - X  X -  
Low 1 SUNTOP-89 Drysdale 4.70 4.58 3.46 -0.284 0.018 - -   -  X -  -0.301 - - X  - X  - X  
 
b                             
High 1 MACE-64 Drysdale 4.70 3.76 4.95 -0.104 0.173  X X     - X -0.278 X X  - X - X X  - 
High 2 MACE-91 Drysdale 4.70 3.76 4.82 -0.078 0.103  X -     X - -0.180 X -  - X - - X  - 
High 3 MACE-85 Drysdale 4.70 3.76 4.82 0.032 0.170  X X     - - -0.138 X X  - - - - X  - 
High 4 MACE-49 Drysdale 4.70 3.76 4.81 -0.062 0.017  - -     X X -0.079 - X  - - X - -  - 
High 5 MACE-98 Drysdale 4.70 3.76 4.76 -0.025 0.184  X X     X - -0.209 - X  - - - X X  - 
High 6 MACE-86 Drysdale 4.70 3.76 4.75 -0.089 0.081  - X     - - -0.171 - X  X - - - X  - 
High 7 MACE-65 Drysdale 4.70 3.76 4.73 -0.111 0.014  - -     X - -0.125 X -  - - - - X  - 
High 8 MACE-63 Drysdale 4.70 3.76 4.71 -0.167 0.103  X -     X - -0.270 - -  X X - - -  X 
High 9 MACE-82 Drysdale 4.70 3.76 4.71 -0.054 0.081  - X     - - -0.135 X -  - X X - -  - 
High 10 MACE-75 Drysdale 4.70 3.76 4.69 -0.157 0.014  - -     X - -0.171 - X  X - - - X  - 
Low 10 MACE-69 Drysdale 4.70 3.76 3.98 -0.291 0.089  X -     - - -0.380 X X  X X - X -  X 
Low 9 MACE-60 Drysdale 4.70 3.76 3.96 -0.102 0.089  X -     - - -0.191 X -  - - X - X  - 
Low 8 MACE-72 Drysdale 4.70 3.76 3.94 -0.062 0.106  X -     X X -0.168 - -  - - - - -  X 
Low 7 MACE-74 Drysdale 4.70 3.76 3.91 -0.196 0.081  - X     - - -0.278 X X  - X - X X  - 
Low 6 MACE-68 Drysdale 4.70 3.76 3.89 -0.131 0.103  X -     X - -0.234 - -  - X X - X  - 
Low 5 MACE-66 Drysdale 4.70 3.76 3.89 -0.252 0.000  - -     - - -0.252 - -  - - - X -  X 
Low 4 MACE-53 Drysdale 4.70 3.76 3.85 -0.341 0.017  - -     X X -0.359 X -  - - X - X  X 
Low 3 MACE-95 Drysdale 4.70 3.76 3.84 -0.186 0.081  - X     - - -0.267 X X  X - - X X  - 
Low 2 MACE-52 Drysdale 4.70 3.76 3.81 -0.012 0.173  X X     - X -0.186 - -  X X - X -  - 
Low 1 MACE-71 Drysdale 4.70 3.76 3.80 -0.182 0.014  - -     X - -0.196 - -  - - - X X  - 
 
Table 5.5 – Presence or absence of TE QTL detected in the top and bottom performing genotypes for TE from 
each family in the Dr-NAM population (a Suntop, b Mace and c Scout). 
The presence of the donor or reference allele for each of the 19 identified QTL for TE that were polymorphic 
in the Dr-NAM population (sorted from left to right in descending order of effect size) are presented for the 10 
highest and 10 lowest performing genotypes for TE (denoted by the “High” (blue gradient) or “Low” (magenta 
gradient) rank, ranked across all three families). The 6 QTL (and their effects) which were significantly 
associated with QTL identified in the Su-NAM population are highlighted in bold. Presented alongside each 
genotype is the mean TE for its respective reference parent (Drysdale) and donor parent. Cells with a “X” 
indicate that polymorphism for the corresponding QTL is present in the family of the respective genotype, and 
that the allele from the respective family donor parent is present (i.e. Suntop, Mace or Scout). The shading of 
cells where a reference allele is present corresponds to the size of the effect (darker green = greater positive 
effect from the allele, darker red = greater negative effect from allele). Cells with a single dash indicate that 
polymorphism for the corresponding QTL is present in the family of respective genotype, and that the Drysdale 
allele is present. Cells shaded dark grey with no dash or “X” indicate that the corresponding QTL is not 
polymorphic in the family of the respective genotype.  
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High 1 SCOUT-92 Drysdale 4.70 4.57 5.45 0.073 0.185   X X  X  -  -0.112 -    -  - X   
High 2 SCOUT-79 Drysdale 4.70 4.57 5.35 -0.085 0.040   - -  X  -  -0.125 X    -  - X   
High 3 SCOUT-85 Drysdale 4.70 4.57 5.33 -0.043 0.081   X -  -  -  -0.125 X    -  - X   
High 4 SCOUT-97 Drysdale 4.70 4.57 5.14 -0.043 0.081   X -  -  -  -0.125 X    -  - X   
High 5 SCOUT-75 Drysdale 4.70 4.57 5.14 -0.048 0.064   - X  -  -  -0.112 -    -  - X   
High 6 SCOUT-99 Drysdale 4.70 4.57 5.12 -0.141 0.040   - -  X  -  -0.180 X    X  - X   
High 7 SCOUT-91 Drysdale 4.70 4.57 5.09 0.020 0.145   X X  -  -  -0.125 X    -  - X   
High 8 SCOUT-88 Drysdale 4.70 4.57 5.05 -0.104 0.064   - X  -  -  -0.168 -    X  - X   
High 9 SCOUT-63 Drysdale 4.70 4.57 5.04 0.060 0.185   X X  X  -  -0.125 X    -  - X   
High 10 SCOUT-98 Drysdale 4.70 4.57 4.88 0.073 0.185   X X  X  -  -0.112 -    -  - X   
Low 10 SCOUT-77 Drysdale 4.70 4.57 4.21 -0.064 0.103   - X  X  -  -0.168 -    X  - X   
Low 9 SCOUT-93 Drysdale 4.70 4.57 4.19 -0.072 0.040   - -  X  -  -0.112 -    -  - X   
Low 8 SCOUT-68 Drysdale 4.70 4.57 4.19 -0.043 0.081   X -  -  -  -0.125 X    -  - X   
Low 7 SCOUT-96 Drysdale 4.70 4.57 4.08 -0.061 0.064   - X  -  -  -0.125 X    -  - X   
Low 6 SCOUT-101 Drysdale 4.70 4.57 4.05 -0.128 0.040   - -  X  -  -0.168 -    X  - X   
Low 5 SCOUT-62 Drysdale 4.70 4.57 4.04 -0.099 0.081   X -  -  -  -0.180 X    X  - X   
Low 4 SCOUT-73 Drysdale 4.70 4.57 4.03 -0.104 0.064   - X  -  -  -0.168 -    X  - X   
Low 3 SCOUT-64 Drysdale 4.70 4.57 3.98 -0.043 0.081   X -  -  -  -0.125 X    -  - X   
Low 2 SCOUT-54 Drysdale 4.70 4.57 3.95 -0.004 0.121   X -  X  -  -0.125 X    -  - X   
Low 1 SCOUT-67 Drysdale 4.70 4.57 3.66 -0.187 0.077   - X  -  X  -0.264 X    X  X X   
 
Table 5.5 – continued… 
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Discussion 
Multiple QTL identified for TE in the Suntop NAM population had a significant effect on TE 
in the Drysdale NAM population 
In the previous chapter (Chapter 4), 20 QTL were identified in the Su-NAM population (Table 
4.5). As all three experiments (T16E1, T16E2 and T17E1) experienced relatively similar 
environmental conditions (Table 5.2), the relationships between key traits were highly 
correlated between experiments (Table 5.3 and Appendix 13). This means that when the 
Su-NAM QTL (identified in T16E1 and T16E2) were tested in the Dr-NAM population 
(T17E1), there was little genotype x environment. One of the most important results here is 
that although the observed TE for parental lines Suntop and Scout were similar (estimated 
at 4.57 g kg-1 for both), the family mean for Suntop was substantially higher that the family 
mean for Scout, and significantly greater than the family mean for Mace (Figure 5.3). This 
indicates that although Suntop and Scout had similar TE, when crossed with Drysdale the 
Suntop family has greater capacity to increase its TE than Scout or Mace. Of the 10 highest 
and lowest performing genotypes for TE in the Dr-NAM population, 5 of the high TE and 3 
of the low TE genotypes were identified in both this study and the 2016 Su-NAM study (Table 
5.5 & partially Table 4.7, some data not presented). 
 
Using the methodology described in Figure 5.1, proxy markers were able to be identified to 
represent each QTL in the Dr-NAM population. Out of the 20 QTL identified in the Su-NAM 
population, six had proxy markers exhibiting significant associations with TE in the Dr-NAM 
population (QTe.qwr-1A.3, QTe.qwr-4A.1, QTe.qwr-5A.1, QTe.qwr-5B.1, QTe.qwr-6A.1 and 
QTe.qwr-6B.1), all of which had an individual effect size greater than 4% of total observed 
genetic variation for TE, except QTe.qwr-5B.1 which had an effect of 3.83% (Figure 5.5 and 
Table 5.4). This demonstrates that these six QTL have large effects in both the Su-NAM and 
Dr-NAM populations, and that they are worth investigating as a source of increase TE in the 
Scout, Mace and Suntop varieties and target breeding environments (i.e north, south and 
west growing regions).  
 
As well as the 6 QTL for TE which had significant effects in both populations, there were 21 
QTL for all other traits of interest (i.e. dry biomass, cumulative transpiration, TRLA7, leaf 
area, SPAD and Zadoks stage; Appendix 15). The effect sizes for each of these markers 
were also at the higher end of the range of effects for other QTL, above 6% for dry biomass 
and TRLA7, 5.88% for leaf area, 4.72% for SPAD, and a considerable effect of 22.89% for 
Zadoks stage (QZad.qwr-5A.1-4; Appendix 15). A QTL of particular interest is QTe.qwr-
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5A.1, which was associated with multiple traits and multiple significant markers across both 
the Su-NAM and Dr-NAM populations. In the Su-NAM population, this QTL had a large effect 
of 6.04% for TE, while in the Dr-NAM it had an even larger effect of 14.86%. In the Su-NAM 
population this QTL was associated with three significant markers, identified by MLMM 
GWAS. In the Dr-NAM, 24 markers with a significant effect for TE were found within this 
QTL (Table 5.4). The marker (SNP06094) had the greatest probability of association (lowest 
p value) and, coincidentally, the greatest estimated effect. In the Drysdale x Suntop family, 
5 out of 52 genotypes have this allele and these performed on average 14.86% better than 
the other 47 genotypes. The effect size of this QTL is substantially larger than other QTL in 
the Dr-NAM population, and is likely overestimated due to the limited population size and 
the fact that this QTL was only polymorphic in one family (Suntop). Because of the limited 
occurrence of this allele in the Dr-NAM, this is the only estimate that can be calculated using 
this population, and this demonstrates a limitation of this validation exercise for markers that 
were segregating in only one family, however the fact that this study was able to validate 
the QTL is indicative that it is a QTL worth investigating further. 
 
 
These results suggest that while this QTL is strongly associated with TE and other 
physiological traits, the large effect sizes for both TE and Zadoks stage suggests that there 
is an interaction between plant maturity and transpiration efficiency, which would also 
contribute to genetic variation for the other traits which are all associated with a single QTL 
on the 5A chromosome. QTe.qwr-5A.1 is also collocated with a well-known gene for 
vernalization (VRN1), which is located at 62.9cM along the 5A chromosome (Christopher et 
al., 2018), inside the range of the QTe.qwr-5A.1 which extends from 61.33-91.33cM. 
Another QTL has been reported by Pinto et al. (2010) for flowering at the same location on 
the 5A chromosome. This may explain the major effect size for Zadoks, as vernalization has 
an impact on plant development and flowering (Fu et al., 2005), and given that the three 
donor parents (Suntop, Mace and Scout) come from very different growing environments 
(i.e. northern, southern and western growing regions), it is likely that they also have different 
alleles for this gene. 
 
Three other QTL had a significant effect in both the Su-NAM and Dr-NAM populations for 
traits other than TE. QTL for leaf area, transpiration and SPAD all collocated on both the 1B 
and 2B chromosomes (i.e. QTransp.qwr-1B.1 and QTransp.qwr-2B.1; Figure 5.4 and 
Appendix 15). On the 6B chromosome, there were collocated QTL for dry biomass, leaf 
area, and TRLA7 (i.e. QDw.qwr-6B.1; Figure 5.4). Furthermore, several of the QTL that were 
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detected in the Dr-NAM population were collocated with QTL reported in the literature for 
related traits (Figure 5.4), indicating that these physiological traits may be controlled by the 
same genes, closely linked genes, or closely related traits (e.g. greater leaf area is linked 
dry biomass). A good example of such collocation is QTe.qwr-5B.1, which was significantly 
associated with TE in the Dr-NAM population and collocated with a QTL reported for CID 
(Mora et al., 2015). The collocation of these QTL which were initially identified in the Su-
NAM and subsequently identified as consistently collocating in the Dr-NAM provide added 
confidence that they are significantly associated with multiple traits within multiple genetic 
backgrounds. Furthermore, the proxy marker used to test QTe.qwr-5B.1 for significant 
association with TE in the Dr-NAM was only polymorphic in the Scout and Mace families but 
not in the Suntop family. This means that it was detected in some Suntop families from the 
Su-NAM population, and again in two families unrelated to Suntop in the Dr-NAM study. A 
similar case was observed for QTe.qwr-4A.1. This shows that QTL for TE can be 
consistently identified within multiple populations and broadens the scope of their application 
in a breeding context.  
 
Interestingly, it was anticipated that due to the limited population size and lack of genetic 
diversity, the MLMM GWAS model would have little power to detect QTL de novo. Instead, 
the model identified a total 34 markers for the studied traits (i.e. TE, dry biomass, 
transpiration, leaf area, TRLA7, SPAD and Zadoks stage). Of the 34 markers detected for 
all traits, 21 markers representing 17 QTL in the Dr-NAM population were for Zadoks stage 
alone (Figure 5.4 & Appendix 15). Several of these Zadoks stage QTL collocated with a 
number of other traits; TE and dry biomass on chromosome 5A and 5D, with the addition of 
another collocating QTL for TRLA on the 5D chromosome as well. This abundance of QTL 
being identified for Zadoks stage could have a simple explanation: the Dr-NAM population 
has only 3 families and all genotypes were selected for consistency in height, size and 
flowering of their respective donor parents in this case (i.e. the reference from the MR-NAM). 
The control of flowering date is under complex genetic control and similar dates can be 
achieved in certain environments by a range of different allele combinations (Cattivelli et al., 
2008; Chapman et al., 2012). 
 
Limitations and opportunities of the MLMM and QTL validation method when used in the Dr-
NAM population 
When tested in the Dr-NAM population, the majority of the QTL identified in the Su-NAM 
population for TE (Chapter 4) had no markers with significant effects. The QTL identified in 
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the Su-NAM population are more likely to have been detected through GWAS in Chapter 4 
due to the large amount of genetic diversity between and within many of the families in 
Su-NAM population, as opposed to the Dr-NAM which has very limited genetic diversity 
(Figure 4.4). The Dr-NAM population was not totally independent genetically to the Su-NAM 
population as they shared the Suntop x Drysdale family. However, some QTL only 
segregating in the two previously untested families from the Dr-NAM (QTe.qwr-5B.1 and 
QTe.qwr-4A.1) were found to have a significant effect in the Dr-NAM. On the other hand, 
QTe.qwr-5A.1 and QTe.qwr-6A.1 only segregated in the previously tested Suntop x 
Drysdale family, and where thus not tested here in different genetics backgrounds. 
 
Not many of the QTL consistently segregate in the Dr-NAM family for QTL detected in the 
Su-NAM population (Table 5.4). When comparing the families, only four out of the 19 QTL 
where consistently segregating across all three families (QTe.qwe-1A.2, QTe.qwe-1A.3, 
QTe.qwe-4B.1, and QTe.qwe-6D.1), of which only one (QTe.qwr-1A.3) had a significant 
effect in the Dr-NAM population (Table 5.4 and Table 5.5). There were, however, several 
QTL in common between the Drysdale x Suntop family and at least one of the other Dr-NAM 
families (i.e. either the Scout or Mace family). Between the Suntop and Scout families there 
were three QTL in common (QTe.qwe-1A.2, QTe.qwe-1A.3 and QTe.qwe-6B.1), of which 
only the latter two were detected to have a significant and major effect (5.26% and 4.18%, 
respectively) in the Dr-NAM population. Between the Mace and Suntop families, the Mace 
family, six of the QTL identified in the Su-NAM population were polymorphic, however only 
two were significant in the Dr-NAM population, and both had relatively large effect sizes 
(QTe.qwe-1A.3 and QTe.qwe-6B.1). This diversity in the presence QTL associated with TE 
between the families of the Dr-NAM population shows that this methodology is capable of 
validating the Su-NAM QTL in a population with differing genetic backgrounds and with small 
population sizes. This demonstrates that the methodology gave good results given the 
structural constraints of the Dr-NAM population (i.e. three families with 40-50 genotypes 
each), and with a larger population could provide even greater results. 
 
An independent GWAS was conducted using the Dr-NAM population and identified two QTL 
for TE de novo using the T17E1 data (MLMM17_TE.5A and MLMM17_TE.5D; Figure 5.4). 
The first one was collocated with QTe.qwr-5A.1 on the 5A chromosome, indicating that this 
particular QTL can be detected having a significant effect, even in populations with relatively 
low genetic diversity and small population size (i.e. only segregating in the Suntop family). 
While this does demonstrate that even with relatively low representation in the population 
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this QTL still had a statistically significant association with TE, further research is required 
to determine its effects if introduced into untested genetic backgrounds (i.e. it was not tested 
in the Scout or Mace genetic backgrounds). MLMM17_TE.5D was only detected in the Dr-
NAM, with no markers identified in the Su-NAM for this potential QTL. The same marker for 
MLMM17_TE.5D (SNP06937) was detected by MLMM GWAS for three other traits (dry 
biomass, Zadoks stage and TRLA7) as well as TE in the Dr-NAM, indicating that it may still 
be a region of interest in other genetic backgrounds. Similar studies to the Su-NAM 
population could be undertaken with the entire Ma-NAM and Sc-NAM (Appendix 7) using 
the same protocol as the Su-NAM population to gain further insight into the genetic controls 
for TE. 
 
At the same locus on the 5A chromosome, there were also a number of QTL for other traits 
of interest with relatively high effect sizes (Table 5.4 & Figure 5.5). This increases the 
likelihood that this is an important locus across multiple genetic backgrounds, as was the 
case in the Su-NAM study where markers for QTe.qwr-5A.1 were segregating in all families. 
Multiple QTL for other traits measured in this study were also identified de novo using GWAS 
on the smaller sized Dr-NAM population (Table 5.4), several of which did not collocate with 
other QTL identified previously for the same trait in the Su-NAM study, or those reported in 
the literature. Most of the putative new QTL identified in the Dr-NAM population did collocate 
with another QTL reported for a different trait (Figure 5.4), which could give an indication of 
how different traits influence each other. Due to the small population and sample size of the 
Dr-NAM study, these new QTL would require further investigation using a larger study.  
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Conclusion 
Multiple QTL for TE were detected having similar and significant effects in multiple genetic 
backgrounds and were stable across multiple experimental environments. By testing the 20 
QTL identified for TE in the Su-NAM population in a population derived from Drysdale 
crossed with Suntop, Mace and Scout, six QTL were observed having a significant 
association with large effects for TE in both populations. Although the Dr-NAM population 
was relatively small and the sample size was not large enough to conduct an independent 
GWAS with the rigour of the original GWAS for the Su-NAM, this study verified that multiple 
QTL appear to be consistently associated with TE and/or related traits in genetic 
backgrounds other than Suntop. Of the six Su-NAM QTL that were significantly associated 
with TE in the Dr-NAM population, four were segregating in the Suntop family (two of which 
did not segregate in another other Dr-NAM family), four in the Mace family, and two in the 
Scout family.  
 
The identification of six TE QTL in both the Su-NAM and the Dr-NAM populations, the 
independent identification of several QTL using MLMM GWAS in a limited population, and 
the collocation of QTL with markers for a number of other related traits provides added 
confidence that selection for these QTL has potential to improve TE over and above that of 
popular and high performing wheat cultivars. Highly promising lines in each of the Suntop, 
Scout and Mace families for TE were also identified (Table 5.5) and could be used as 
parental lines in breeding programs to improve TE in different growing regions of the 
Australian wheat belt.  
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Chapter 6: Predicting phenotypic performance using genotypic information 
 
Introduction 
A bottleneck in the field of genomic selection and marker assisted selection (MAS) is the 
resource intensive and relatively low throughput techniques used for phenotyping large 
breeding populations for relevant traits (Chenu et al., 2018). The methodology developed in 
Chapter 3 was designed to help overcome this challenge. This methodology was used to 
identify 20 QTL associated with TE and other traits of interest in the Su-NAM population 
(Chapter 4). To validate these QTL, a second population (the Dr-NAM) was tested to 
determine if the Su-NAM QTL were associated with variations in TE in multiple genetic 
backgrounds. Out of the 20 QTL identified in the initial experiments, 6 were founds to be 
significantly associated with TE in an independent experiment. Although these QTL provide 
useful information to be incorporated into a MAS breeding program, ongoing testing of new 
genotypes and population will be required to continue making progress, which will require 
scaling up of the phenotyping and genotyping capabilities.  
 
The prediction of phenotypic performance using molecular markers has the potential to 
accelerate selection for TE by allowing selections to be made without the need for extensive 
phenotyping of entire breeding populations (Bassi et al., 2016). Some traits are more 
heritable, and therefore more predictable, than others and this can make them more 
desirable for genomic selection (Combs and Bernardo, 2013). In this chapter, an example 
of how breeding could be accelerated is presented using a test population with a diverse 
genetic background (the MR-NAM population), combining phenotypic and genotypic data 
from the study presented in Chapter 4. Using the data observed in the Su-NAM population, 
estimates of marker effects can be calculated for all markers available across all genotypes 
in the NAM population. Using these markers, phenotypic performance for TE can be 
predicted for all MR-NAM lines including those from previously untested sub-populations 
(e.g. Sc-NAM and Mc-NAM; Appendix 7). In this chapter, the top and bottom 10 lines for the 
three families in the Dr-NAM population, as well as five genotypes from each of three other 
families of interest, will be selected based on their predicted performance to investigate if 
genomic predictions are consistent with phenotypic performance. 
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Materials and Methods 
A short duration experiment (T17E2) was conducted following the methodology described 
in Chapter 3 to investigate if predictions of phenotypic performance for TE were consistent 
with observed performance. For a subset of the MR-NAM population not previously 
phenotyped, predictions of TE were made based on the performance of lines in the Su-NAM 
population and their genetic similarity for the tested markers. An experiment was conducted 
using the top 10 and bottom 10 genotypes (based on genomic predictions of TE) for all MR-
NAM families where each reference parent (Suntop, Scout and Mace) had been crossed 
with donor parents in common (e.g. Drysdale, Dharwar Dry, SB062 and Seri M82; Table 6.1 
& Appendix 7). Using the phenotypic data observed in the Su-NAM population (Chapter 4), 
the performance for TE was predicted with genomic predictions for all genotypes in the MR-
NAM population, and the predicted top and bottom 10 genotypes in the Scout and Mace 
NAM families (Sc-NAM and Ma-NAM, respectively) were selected. Similarly, the predicted 
top 5 lines for the RIL114 x Suntop, RIL114 x Scout, and ZWW10-50 x Mace families were 
also included in this study given the high performance of these donor parents for TE in 
Chapter 4. 
 
Using the high-throughput methodology presented in Chapter 3, an experiment (T17E2) was 
conducted immediately following the experiment (T17E1) described in Chapter 5 (i.e. both 
experiments were conducted in the same season using two consecutive short-duration trials; 
Table 6.4). The automated lysimetry platform described in Chapter 4, known as the ‘APAD’ 
(Figure 4.1; Chenu et al, 2018), was also used for these experiments, with constant access 
to water provided by a reservoir. The automated system allowed watering and weighing of 
pots to be set at regular intervals. Phenotypic data were collected weekly for the parental 
lines while all genotypes (Parent + NAM lines) were phenotyped at harvest. Above-ground 
dry biomass and water use from sowing until harvest (Table 5.2) were used to calculate TE 
 
 
 
 
 SUNTOP SCOUT MACE 
DHARWAR DRY 20 20 20 
SB062 20 20 20 
SERI M82 20 20 20 
DRYSDALE* 20 (52) 20 (51) 20 (53) 
RIL114 5 5 - 
ZWW10-50 - - 5 
 
Table 6.1 – Number of genotypes selected from each family for use in the genomic 
prediction ‘tails’ experiment.  
*the full Drysdale population was also included (153 genotypes, shown in parenthesis below; Appendix 7), but for the purpose of this 
experiment only the top and bottom 10 genotypes were included in the tails analysis .  
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per plant. Plants were harvested between the stages of flag leaf emergence and mid-booting 
(GS40-45), according to the decimal growth stages (GS) described by Zadoks et al. (1974).  
 
Statistical models were fitted for a combined analysis of experiments over 2016 and 2017 
to quantify G x E interactions between all experiments.  
 
Prediction of phenotypic performance based on genotypic information  
Using the data observed in the Su-NAM population, estimates of additive marker effects 
were calculated for all markers used in the Chapter 4 and 5 analysis (after cleaning) across 
all genotypes in the MR-NAM population. Using the additive effects of all markers, 
phenotypic performance for TE was predicted for all lines from the four families that were in 
common across all reference parents in the MR-NAM (i.e. with donors Dharwar Dry, SB062, 
Seri M82 and Drysdale; Appendix 7). The lines predicted to have the top and bottom TE for 
each family were selected as tails to investigate whether genomic predictions were 
consistent with phenotypic performance.  
 
Selection of the tail groups for testing genomic predictions in the Dr-NAM Population 
The NAM population used for this experiment was developed as part of a previous project 
which was focused primarily on identifying root architectural traits that confer greater drought 
adaption in wheat (Richard, 2017). For this experiment, 20 genotypes from each of the 
Suntop, Mace and Scout X Dharwar Dry, SB062 and Seri M82 families were included in the 
experimental design (Table 6.1). The top 5 genotypes from RIL114 X Suntop, RIL114 X 
Scout families, as well as the top 5 genotypes from the ZWW10-50 X Mace family, were 
also included. To improve genetic correlation between this experiment (T17E2) and the 
experiment described in Chapter 5 (T17E1), the entire Dr-NAM population was also included 
(153 genotypes). This was also done to increase the number of repetitions of the Dr-NAM 
genotypes across both experiments. In total, 348 NAM lines were grown in this experiment 
(Table 6.1), with a number genotypes being repeated from previous experiments (i.e. the 
Dr-NAM was grown in T17E1, all Suntop cross lines were grown in the study in Chapter 4).  
 
During the development of the MR-NAM population, genotypes were selected based on 
flowering time and plant height to be as consistent with their respective reference parents 
as possible (i.e. Mace, Scout or Suntop). As Drysdale is the common parent for all three 
families, it is referred to in this chapter as the reference parent, while Mace, Scout and 
Suntop are each referred to as the donor parents for their respective family. This terminology 
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is not to be confused with Chapter 4, where Suntop was the reference parent and Drysdale 
was a donor. 
 
Growing conditions in the lysimeter phenotyping platform 
The growing conditions and platform used for this experiment (T17E2) were the same as 
described in Chapter 4 and Chapter 5, with automated weighing and watering of pots using 
the APAD platform (Figure 4.1), and a shorter duration used to replicate experimental 
conditions. 
 
As in Chapter 4 and 5, the soil medium used for this experiment was the standardised UQ23 
potting medium, composed of 70% composted pine bark (particle size ranging from 0-5mm) 
and 30% coco (coir) peat with a pH range of 5.5-6.5 (pH was balanced during mixing using 
iron sulphate heptahydrate if acidic or dolomite if alkaline). The following fertilisers were 
incorporated per cubic meter of potting media: 1 kg Yates Flowtrace fertiliser (24% iron, 
0.75% copper, 0.5% manganese, 0.2% Zinc, 0.04% molybdenum and 0.33% boron), 0.4 kg 
superphosphate, 0.03 kg copper sulphate,1 kg gypsum and 6 kg Scotts Osmocote® Plus 
Trace Elements Landscape Formula (73.6% nitrogen, 6.5% phosphorus and 1.9% 
potassium). The soil surface of all pots was covered using plastic cling film, held in place by 
a plastic collar inserted into the rim of the pot, to minimise the evaporation of water from the 
soil surface and to help control weeds. Four seeds were sown through cross-shaped holes 
cut in the film (Figure 4.1c). 
 
Experimental design 
In total, there were 20 genotypes per each of the Suntop, Mace and Scout X Dharwar Dry, 
SB062 and Seri M82 families (10 of the high and 10 of the low predicted performance), with 
180 genotypes (20 lines x 9 families; Table 6.1), each of which was replicated twice. A further 
15 genotypes representing the 5 top predicted performers from RIL114 x Scout, RIL114 x 
Suntop and ZWW10-50 x Mace were also included, with one replicate each. The Drysdale 
NAM population (Dr-NAM) and Drysdale parent were also included in this experiment, using 
one replicate each, bringing the total number of individual NAM lines to 348. Five additional 
pots with no plants were used to measure any background moisture loss (e.g. remaining soil 
evaporation). The remaining 30 pots were used to replicate all 15 parental lines of the 
MR-NAM twice giving a total of 560 pots.  
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The 560 pots were arranged in a two-dimensional array of pots laid out across 28 columns 
by 20 rows across 10 benches. A partially replicated design was formed using the R software 
environment (R Core Team, 2018) where genotypes were randomised to the 560 pots, with 
replicated genotypes (described above) allocated across replicate blocks. Initially the data 
for the Dr-NAM lines was intended to be combined for analysis, similar to T16E1 and T16E2 
in Chapter 4, however significant G x E interactions were found between T17E1 and T17E2, 
and the two experiments were analysed separately (Table 6.4). 
  
Environmental measurements 
Air temperature (Tair) and atmospheric relative humidity (RH) were measured using a 
Vaisala HMP60 sensor (Vaisala, Helsinki, Finland), and photosynthetically active light 
radiation was measured using a photon flux radiation sensor (Apogee Instruments, 
Providence, Utah USA) at 1 m above the soil surface of the pots, recording every minute 
with an average every 10 minutes. Vapour Pressure Deficit (VPD) was calculated as follows 
(Alduchov and Eskridge, 1996): 
 VPD =  0.61078 ∗ (1 −  RH/100) ∗ exp (17.269 ∗ Tair  Tair + 237.3 ) 
 
Plant traits 
Plant development was recorded weekly for two plants per pot of the parental lines, and at 
harvest for one plant per pot for all other NAM lines using the standard Zadoks plant growth 
scale as described by Zadoks et al. (1974). All pots were harvested on a common date when 
the mean growth stage was between flag leaf emergence and mid-booting (GS40-45; 
Zadoks et al. (1974)). One plant per pot was harvested for detailed measurement (biomass 
and leaf area) while all other plants in each pot were harvested and pooled before total 
biomass was measured. 
 
Dry biomass (DW) was measured by drying all plants at 70oC for at least 3 days before 
weighing. Green leaf area (LA) was determined by removing all leaf blades from the single 
plant per pot and measuring the area with LI-COR LI-3100C Area meter. Leaf area per pot 
was estimated by taking the proportion of total pot dry biomass found in the single plant and 
applying that to the single plant leaf area:  
 
𝐿𝐿𝐿𝐿𝑝𝑝 = 𝐿𝐿𝐿𝐿𝑖𝑖  ×  𝐵𝐵𝑝𝑝𝐵𝐵𝑖𝑖  
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LAp = Leaf area (all plants per pot), LAi = Leaf area (individual plant), Bp = Biomass (all plants per pot), Bi = Biomass (individual plant) 
 
Cumulative transpiration per pot (Transp) was calculated using the difference in combined 
pot and reservoir weight before and after watering each morning, minus the average 
cumulative water lost from the water loss control pots with no plant in each experiment, for 
either the whole trial duration (Transp) or for the final seven days before harvest (Transp7).  
 
Transpiration efficiency (TE) was calculated as the ratio of dry biomass per cumulative 
kilogram of water transpired from sowing until harvest: 
 
𝑇𝑇𝑇𝑇 =  𝐷𝐷𝑊𝑊
𝑇𝑇𝑊𝑊𝑊𝑊𝑒𝑒𝑢𝑢𝐶𝐶
 
 
Transpiration per unit of leaf area for the 7 days prior to harvest (TRLA7) was calculated as:  
 
𝑇𝑇𝑅𝑅𝐿𝐿𝐿𝐿7 =  𝑇𝑇𝑊𝑊𝑊𝑊𝑒𝑒𝑢𝑢𝐶𝐶7
𝐿𝐿𝐿𝐿
 
 
Measurement Unit Abbreviation Method of measurement Timing of measurement 
Biomass (Dry) (g) DW Plant above-ground biomass at harvest At harvest 
Cumulative transpiration (g) Transp 
Plant transpiration from sowing 
to harvest measured using 
APAD (load cells) 
Every 10 minutes (sowing to 
harvest) 
Cumulative transpiration 
for 7 days prior to 
harvest 
(g) Transp7 Measured using APAD (load cells) 
Every 10 minutes (7 days 
prior to harvest until harvest) 
Leaf area (cm2) LA 
The total green leaf area for all 
emerged leaves present per 
plant, measured using a LI-
COR LI-3100C Area meter 
At harvest 
SPAD - SPAD 
Average of 5 measurements 
taken with a SPAD 502 Plus 
Chlorophyll Meter at regular 
intervals along the flag (or 
latest fully extended) leaf  
Immediately prior to harvest 
Zadoks score - ZAD Observation using standardised Zadoks score Immediately prior to harvest 
Transpiration efficiency (g kg -1) TE 
Calculated as gram of biomass 
(dry) per kilogram of water 
transpired (cumulative) 
Biomass at harvest, 
transpiration cumulative of 
10-minute intervals from 
sowing until harvest 
Transpiration for 7 days 
prior to harvest per unit 
of leaf area 
(g/cm2) TRLA7 
Calculated as water transpired 
for the 7 days prior to harvest 
per unit of leaf area 
Cumulative transpiration of  
10-minute intervals from 7 
days prior to harvest until 
harvest, leaf area at harvest 
 
Table 6.2 – Description of measurements taken or calculated for each trait reported in this chapter 
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Modelling spatial variation to produce Best Linear Unbiased Estimates (BLUEs) for 
genotypic values  
The data for T17E2 was analysed on a trait-by-trait basis to get the best estimate of each 
trait for each genotype using a linear mixed model in ASReml-R (Butler et al., 2009) in the 
R-software environment (R Core Team, 2018).  
 
For each trait, two steps were used to model the data (Appendix 11). First, a linear mixed 
model was used where ‘Genotype’ was fitted as a fixed effect while experimental design 
factors of Replicate and spatial layout factors, row and column, were fitted as random 
effects. This first model was used to identify outlier data for individual pots, by fitting a 
heterogeneous correlation model to random genotype effects. This model was also used to 
identify any spatial effects due to pot position in each experiment, and any outlier pots within 
the data, where an outlier was defined as a pot with a standardised conditional residual error 
effect greater than 5 standard deviations from the mean of zero. Outliers were excluded 
from further analysis. 
 
In a second step, the same model was applied again once the outliers had been removed 
to predict the best linear unbiased estimates (BLUEs) for each trait on a Genotype basis 
(i.e. one value per trait per genotype for T17E2). 
 
All models were fitted as a linear mixed model in ASReml-R (Butler et al., 2009) in the R-
software environment (R Core Team, 2018).  
 
Genetic correlation between experiments 
The correlations for genetic performance between T16E1, T16E2, T17E1 and T17E2 were 
also calculated for each trait using ASReml in a similar model to Appendix 11, except 
‘Genotype’ was fitted as a random effect and ‘Experiment’ was fitted as a fixed effect. Table 
 
 
 
 
  T16E1 T16E2 T17E1 T17E2 
T16E1 468    
T16E2 468 468   
T17E1 63 63 169  
T17E2 128 128 167 362 
 
Table 6.3 – Genotypes in common between experiments  
The total number of genotypes in common between each 
experiment (T16E1, T16E2, T17E1 and T17E2), including NAM 
lines and parental lines. 
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6.3 shows the number of genotypes in common between each experiment, the basis of 
which the genetic correlation between experiments is calculated once their performance was 
observed. 
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Results 
T17E2 experienced warmer temperatures and higher VPD than previous experiments 
T17E2 experienced higher mean daily temperatures, VPD and radiation than all previous 
experiments (Table 6.4). T17E1 and T17E2 were also sown 20-24 days later than the 
experiments in 2016 (Chapter 4). The two experiments conducted in 2017 had contrasting 
environmental conditions from each other in terms of temperature and VPD (Table 6.4 and 
Figure 6.1). Over the length of both trials, the average temperature and VPD for T17E2 were 
3oC and 0.89 kPa greater than those in T17E1, respectively. In the final 7 days extreme 
daytime temperature means were ~8oC higher (at 30.1OC) and a VPD was more than double 
that of T17E1. Although T17E2 was 4 days (or roughly 100oCd) shorter than T17E1, plants 
were slightly more developed on average, as well as having greater total leaf area and much 
greater cumulative transpiration, although mean above-ground plant biomass at harvest was 
lower for T17E2 than T17E1.  Due to the early and late season sowing times for each 
experiment, average daylight varied widely from sowing to harvest for all experiments, with  
T17E2 having an average of nearly 2 additional hours of light per day, as well as greater 
mean daily radiation (Table 6.4).  
 
 
 
 
a) Exp. 
Sowing 
date 
Harvest 
date 
Trial 
duration Mean temp. 
Mean 
VPD 
Mean 
Radiation 
Mean 
leaf 
area 
Mean 
Zadoks 
stage 
Mean 
SPAD 
Mean 
Above-
ground 
biomass 
Cumulative 
transpiration 
    (d) (oCd) (oC) (kPa) (MJ/m2) (cm2) - - (g) (g) 
20
16
 T16E1 
7/05/2016 
(10.93) 
6/07/2016 
(10.45) 60 917 19.9 (15.9) 1.23 
7.85 
(478.9) 
1191 
(1159) 
41.3 
(44) 
46.2 
(46.5) 
8.7 
(9.1) 
1720 
(1691) 
T16E2 18/07/2016 (10.6) 
7/09/2016 
(11.7) 51 793 20.1 (15.6) 1.29 
10.27 
(533.8) 
1146 
(1101) 
38.7 
(38) 
49.4 
(46.7) 
8.1 
(8.6) 
1849 
(1946) 
20
17
 T17E1 
27/05/2017 
(10.57) 
20/07/2017 
(10.62) 54 851 21.9 (16.3) 1.47 
7.51 
(413.1) 
877 
(818) 
40 
(40.5) 
45.6 
(45.6) 7 (6.7) 
1517 
(1459) 
T17E2 11/08/2017 (11.03) 
30/09/2017 
(12.32) 50 759 25.0 (19.2) 2.36 
12.63 
(644.1) 
909 
(685) 
41.6 
(41) - 6 (6.3) 
1922 
(1827) 
b) 
 
7 days before harvest 
  
7 days before harvest 7 days before harvest 
20
16
 T16E1 
29/06/2016 
(10.42) 
6/07/2016 
(10.45) final 7 days 17.5 (13) 1.01 
8.55 
(59.6) - - - - 595 
T16E2 31/08/2016 (11.52) 
7/09/2016 
(11.7) final 7 days 21.2 (17.3) 1.3 
11.5 
(80.5) - - - - 861 
20
17
 T17E1 
13/07/2017 
(10.52) 
20/07/2017 
(10.62) final 7 days 21.9 (16.5) 1.3 
8.14 
(57) - - - - 446 
T17E2 23/09/2017 (12.13) 
30/09/2017 
(12.32) final 7 days 30.1 (25.3) 3.04 
13.22 
(92.5) - - - - 745 
 
Table 6.4 – Experiment characteristics of each trial  
a) Characteristics of each trial, including sowing and harvest dates (photoperiod at each date shown in parenthesis 
as total hours), trial duration (in days and degree Celsius days (oCd) after sowing), plant characteristics at harvest  
(values presented as means, values in parentheses are the reference parent, Suntop), and environmental conditions 
(temperature presented as day-light temperature, with average temperature over 24 hours in parenthesis, radiation 
presented as mean daily radiation from sowing to harvest, with cumulative radiation for the same period in 
parenthesis), and b) environmental conditions for the 7 last days before harvest (following the same legend as Table 
6.3a). Note, SPAD was not recorded for T17E2. 
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The relationship between cumulative transpiration and biomass accumulation was not 
consistent between trials   
The relationship between cumulative transpiration and biomass produced for the Dr-NAM 
population has a much wider distribution in T17E1 than in T17E2 (Figure 6.2a and Figure 
6.2b, respectively). The 1 :1 regression line represents the linear relationship between 
transpiration and biomass accumulation. In T17E1, the genotypes with the highest and 
Figure 6.2 – Relationship between cumulative 
transpiration and biomass for all genotypes in the Dr-
NAM population 
Panels a) and b) show the relationship between 
cumulative transpiration and biomass for all genotypes 
in the Dr-NAM population in either the T17E1 or 
T17E2 experiments, respectively. Panel c) shows the 
same relationship but only for the 60 genotypes in the 
Dr-NAM tail population in T17E2. The regression line 
on each panel represents a 1:1 line. Green points 
indicate genotypes with BLUEs in the top 10 highest 
TE genotypes. Red points indicate genotypes with 
BLUEs in the bottom 10 lowest TE genotypes. Dashed 
lines represent mean values for the respective axis. 
 
a 
 
b 
 
c 
 
 
Figure 6.1 - Daily mean temperature and VPD of the 2017 Trials.  
The two green bars represent to duration (days) of each trail. The black lines represent mean daily 
temperature while orange indicates mean daily VPD (daytime average). 
Temperature (oC) 
VPD (kPa) 
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lowest TE values deviate further from the linear regression than genotypes with observed 
TE closer to the population mean (i.e. the 1:1 regression line), however in T17E2 all 
genotypes sit much closer to the regression line. This is also true when only displaying the 
tail groups selected from the Dr-NAM population (Figure 6.2c). This shows that there was 
much greater genetic variability for TE in T17E1 than in T17E2. The observed distribution of 
values for biomass and cumulative transpiration differ greatly between the two experiments 
(Figure 6.3). When comparing the cumulative transpiration and biomass accumulation 
between T17E1 and T17E2, it can be seen that genotypes in T17E2 tended to accumulate 
less biomass than T17E1 (Figure 6.3a), although they tended to transpire considerably more 
water (Figure 6.3b).  
 
Genetic correlation between T17E1 and T17E2 was impacted by exceptional 
environmental conditions 
Although environmental conditions between the two experiments conducted in 2017 (T17E1 
and T17E2) differ in terms of temperature and VPD (Figure 6.1 and Table 6.4), when looking 
at the correlation between traits across years they are still relatively well correlated (Table 
6.5). Across experiments, high to relatively high correlations were found for phenology (r > 
0.92), cumulative transpiration (r > 0.90), biomass (r > 0.73), SPAD (r > 0.72), plant leaf area 
(r > 0.66), TE (r > 0.59) and transpiration per leaf area (r > 0.56). However, across 
experiments, the lowest correlations were systematically found for T17E2, during which 
  
Figure 6.3 – Comparison between T17E1 and T17E2 for a) total dry biomass and b) cumulative transpiration 
for the Dr-NAM population 
Plots comparing the total biomass produced (a) and the total water transpired (b) for all genotypes in the Dr-
NAM population when grown in two different environments. The blue line represents a linear regression 
between the two trials, the black line represents the 1:1 line where values for both experiments are equal. All 
black points represent BLUEs calculated for all each genotype. 
a 
 
b 
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plants experienced high temperature and VPD. This was particularly clear for TE, which had 
a correlation of 0.59 between T16 and T17E2, 0.64 between T17E1 and T17E2, while 
correlation between T16 experiments and/or T17E1 were greater than 0.76. Cumulative 
transpiration had a strong correlation between the T17E1 and T17E2 (r=0.90; Table 6.5). 
Similarly, the genetic correlation for plant development (Zadoks) was also extremely high 
(r=0.99). The correlation for biomass was also relatively high, as was leaf area, indicating 
that the extreme environment had a lesser impact of biomass accumulation and leaf 
expansion. TRLA7 had a much lower correlation between T17E1 and T17E2 than in the 
previous experiment (Table 4.4), however this is likely because the final 7 days of T17E2 
were when the plants experienced the most intense temperatures and VPDs (Figure 6.1).  
 
The genetic correlation shown in Appendix 13 for cumulative transpiration, biomass and TE 
indicate that overall, the relationship between this experiment (T17E2) and all other 
experiment was somewhat inconsistent. The correlation between T17E2 and the 2016 
experiments for biomass was still relatively high, however the genetic correlation between 
T17E1 and T17E2 was considerably lower (in Appendix 13b). Like cumulative transpiration, 
the genetic variance for biomass was relatively low compared to the high error variance. For 
TE (Appendix 13a), the genetic correlation between T17E2 and all other experiments was 
considerably lower than that for cumulative transpiration and biomass (Appendix 13c). 
Compared to all other experiments, T17E2 had a much higher mean cumulative 
transpiration and much lower mean plant biomass, resulting in a considerably lower overall 
mean TE. This may be the result of the genotypes in the Dr-NAM population performing 
differently between contrasting environments, in particular the abnormally high VPD 
experience by T17E2.  
 
     
 Genetic variance Residual variance Standard error  for variance  
Trait T17E1 T17E2 T17E1 T17E2 T17E1 T17E2 Genetic correlation  between Exp. 
TE (g kg-1) 0.14 0.09 0.07 0.09 0.02 0.01 0.64 
Transpiration (g) 12674 2943 26268 95902 3241 3372 0.90 
Biomass (g) 1.11 0.56 0.63 1.34 0.16 0.15 0.73 
Transpiration per leaf area  
(final 7 days) (g/cm2) 0.00 0.02 0.01 0.08 0.00 0.01 0.56 
Leaf area (cm2) 6538 20047 25229 59343 2481 6202 0.66 
SPAD* 0.34 - 1.00 - 0.58 - - 
Zadoks 6.76 11.04 1.72 9.25 0.83 1.28 0.99 
 
Table 6.5 –Variance components for trait in each experiment. 
 *SPAD was not recorded for T17E2 
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Genomic predictions of TE were only reliable in the family previously tested  
Predictions of TE performance in the Drysdale NAM population were only accurate in the 
Suntop x Drysdale cross in T17E1 (Figure 6.4). For this experiment, the predictions for 
genotypes within the Suntop family were correlated relatively well with observed TE (r=0.48) 
and the regression for this relationship was statistically significant (Table 6.6 and Figure 
6.4a). For all other families within the Dr-NAM population, the relationship between genomic 
predictions and observed TE was poor, ranging from 0.19 to -0.16 with no significant 
relationships (Table 6.6). In T17E1, the Suntop family tail groups were distinctly and 
significantly different from each other, while the Scout  family presented virtually no 
difference in group means, and groups from the Mace family presented a negative trend 
between prediction and observed genotypic performance for TE (Figure 6.4b). In T17E2, 
which had an unusual environment  compared the previous three experiments,  the group 
mean for the predicted high performing Suntop lines was still greater than the means for the 
middle and low prediction groups; however for Scout the group predicted to be in the middle 
Figure 6.4 – Relationship between observed and predicated TE for the Dr-NAM population in two 
experiments 
Plots a) and c) show the relationship between the predicted performance of the tail genotypes within the 
Dr-NAM population based on the additive effects of markers estimated in 2016, and their observed 
performance across two experiments (T17E1 and T17E2) on a family basis. Solid regression lines represent 
a significant regression, dashed lines represent non-significant regressions. The boxplots in b) and d) show 
the difference in means for each family when grouped by genotypes predicted to be in the top 10 and bottom 
10 performing genotypes, and all other genotypes between these tail groups included in the ‘middle’ group.  
P values:  * = 0.05, ** = 0.01, *** = 0.001 
 
a 
c 
b 
d 
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was slightly (and not significantly) greater than both the top and bottom predicted genotypes; 
and in the Mace family, the genotypes predicted to be lowest performing were actually the 
highest but not significantly (Figure 6.4d).  
 
The correlations between genomic predictions for TE in the Dr-NAM population based on 
observed TE in the Su-NAM population in 2016 and the observed TE of the Dr-NAM 
population in 2017 was generally not strong. The only family with a moderate to high level 
of correlation between predicted and actual performance was Suntop in T17E1. In all other 
instances, there was very little correlation, if any. Suntop in T17E1 was also the only family 
which has a significant relationship between predicted TE performance and observed 
performance.  
 
Top tails chosen based on genomic predictions tended to have greater TE than bottom tails, 
but only significantly differed in a few families  
Genomic prediction for TE based on 2016 data in the Su-NAM were used to select tails of 
genotypes in the Suntop, Scout and Mace NAM populations. These genotypes were 
phenotyped in T17E2, and the top tail of most families tended to have a greater, while not 
significant, average than the bottom tail (Figure 6.5). Within the Su-NAM families, the 
predictions for genotypes were not strongly related with observed TE and there were no 
significant differences between any of the family means (Figure 6.5a), however there was a 
notable trend in the Suntop tails groups showing a wide distribution of the “Top” genotypes. 
In the Sc-NAM, the top tails of all families had a greater TE mean than the bottom tail, and 
significative differences were found for the SB062 and Seri-M82 families (Figure 6.5b). Only 
the Scout x Drysdale family, there was virtually no difference in the mean values for TE 
between genotypes predicted to be high or low performing (Figure 6.5b). In the Mc-NAM 
tails, there were no significant differences between any of the family tail means. In the Mace 
x Dharwar Dry and SB062 families, the genotypes predicted to be highest performing for TE 
 
 
 
Reference 
Parent r P-value Sig. Regression 
T1
7E
1 Suntop 0.48 0.00034 *** y = 1.5116x + 4.2738 
Scout -0.04 0.76 ns  
Mace -0.16 0.274 ns  
T1
7E
2 Suntop 0.19 0.233 ns  
Scout 0.12 0.857 ns  
Mace 0.12 0.0873 ns  
 
Table 6.6 – Correlation between genomically predicted and observed TE for 
families with each reference parent crossed with Drysdale as part of the 
Dr-NAM population as presented in Figure 6.4.  
P values: * = 0.05, ** = 0.01, *** = 0.001 
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had a higher average TE than the predicted bottom tail Figure 6.5c). However, in the 
Mace x Drysdale and Seri M82 families the relationship between predicted and observed 
TE performance was the opposite of what was expected, with the genotypes predicted to be 
highest performing for TE observed to have a mean lower than the tail genotypes group 
predicted to be low performing (Figure 6.5c).  
 
The presence/absence of the donor alleles for the QTL identified in the Su-NAM had little 
correlation with the ranking of genotypes in the Dr-NAM tail groups 
The presence or absence of donor alleles for the 19 QTL identified in the Su-NAM and Dr-
NAM population (Chapters 4 and 5) for each of the 10 genotypes with highest TE shows 
that there is very little correlation genotypes having the donor alleles and their overall 
performance for TE (both predicted and observed). For the Suntop, Mace and Scout tail 
groups in the Dr-NAM population (Table 6.7a, b and c, respectively) there was almost no 
discernible pattern to the presence or absence of Suntop, Mace or Scout parent alleles for 
each QTL.  
 
Compared to the genomic prediction based on the Su-NAM data from 2016, some of the 
predicted top 10 TE genotypes were in the top 10 performing lines phenotyped in T17E2. 
This is the case for 6 out 10 lines in the Suntop x Drysdale family, 4 out 10 in Mace x 
Figure 6.5 – TE of the predicted tail groups of the Suntop, 
Scout and Mace families in the Dr-NAM population 
(T17E2) 
Boxplots in a), b) and c) show the difference in means for 
each family when grouped as the top 10 and bottom 10 
performing genotypes (tails) based on estimations from 
the genomic prediction performed in the Su-NAM with 
2016 data. The green triangle symbols represent the 
mean for the relevant donor parent.  
P values: * = 0.05, ** = 0.01, *** = 0.001 
  
a b 
c 
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Drysdale and 5 out of 10 in Scout x Drysdale. By contrast, none of the 10 predicted lowest 
10 TE genotypes were in the bottom 10 phenotyped genotypes, but some of top predicted 
genotypes were phenotyped as being part of the lowest TE. This is the case for  4 out of 10 
lines in the Suntop family, 6 out of 10 in the Mace family and 5 out of 10 in the Scout family 
(Table 6.7).  
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High 4 1 SUNTOP-79 3.16 3.31 3.81 -0.212 0.103 - X   -  - X  -0.315 - X X  - X  - X  
High 3 2 SUNTOP-95 3.16 3.31 3.68 0.041 0.152 - X   X  - -  -0.112 - - -  - -  X -  
Low 11 3 SUNTOP-66 3.16 3.31 3.63 -0.110 0.152 - X   X  - -  -0.262 X - X  X X  X -  
High 5 4 SUNTOP-73 3.16 3.31 3.58 0.320 0.404 X X   -  - -  -0.085 - X X  X -  - -  
Low 16 5 SUNTOP-54 3.16 3.31 3.58 -0.186 0.000 - -   -  - -  -0.186 - X X  - X  - -  
Low 20 6 SUNTOP-60 3.16 3.31 3.51 -0.070 0.184 - X   X  X X  -0.253 - X -  - -  X X  
High 6 7 SUNTOP-96 3.16 3.31 3.33 0.162 0.411 X -   X  X X  -0.248 X - X  - -  - X  
Low 12 8 SUNTOP-63 3.16 3.31 3.19 -0.275 0.018 - -   -  X -  -0.292 X X X  X X  - X  
High 1 9 SUNTOP-67 3.16 3.31 3.18 0.193 0.379 X -   X  - -  -0.186 X - X  - X  - -  
High 10 10 SUNTOP-84 3.16 3.31 3.17 0.086 0.411 X -   X  X X  -0.325 - X X  X -  X X  
Low 14 11 SUNTOP-58 3.16 3.31 3.06 0.223 0.393 X -   X  - X  -0.170 X - -  - X  - -  
High 7 12 SUNTOP-93 3.16 3.31 3.05 0.140 0.316 X -   -  - -  -0.176 X - X  X -  - -  
Low 13 13 SUNTOP-94 3.16 3.31 2.97 -0.042 0.107 - X   -  X -  -0.148 X X -  X X  - -  
High 8 14 SUNTOP-71 3.16 3.31 2.75 -0.314 0.000 - -   -  - -  -0.314 X - X  - X  - X  
Low 18 15 SUNTOP-61 3.16 3.31 2.74 0.032 0.170 - X   X  X -  -0.138 X X -  - -  X -  
Low 19 16 SUNTOP-59 3.16 3.31 2.73 -0.112 0.095 - -   X  X X  -0.207 - X X  - X  X -  
High 9 17 SUNTOP-103 3.16 3.31 2.71 0.220 0.436 X X   -  X X  -0.216 X - -  - -  X -  
High 2 18 SUNTOP-102 3.16 3.31 2.70 0.148 0.397 X -   X  X -  -0.249 - X X  - -  - X  
Low 15 19 SUNTOP-90 3.16 3.31 2.55 -0.173 0.018 - -   -  X -  -0.191 X - -  - X  X -  
Low 17 20 SUNTOP-85 3.16 3.31 2.49 0.005 0.018 - -   -  X -  -0.013 - X -  - -  - -  
 
b                             
High 5 1 MACE-49 3.16 2.89 3.85 -0.062 0.017  - -     X X -0.079 - X  - - X - -  - 
Low 15 2 MACE-79 3.16 2.89 3.69 0.031 0.103  X -     X - -0.072 X X  X - - - -  - 
High 10 3 MACE-88 3.16 2.89 3.66 -0.134 0.085  - X     - X -0.219 - X  - X X X -  - 
Low 20 4 MACE-64 3.16 2.89 3.64 -0.104 0.173  X X     - X -0.278 X X  - X - X X  - 
Low 18 5 MACE-92 3.16 2.89 3.59 -0.168 0.000  - -     - - -0.168 - -  - X - - X  - 
Low 14 6 MACE-61 3.16 2.89 3.47 -0.250 0.098  - X     X X -0.348 X -  - X - - X  X 
Low 12 7 MACE-57 3.16 2.89 3.46 -0.248 0.003  - -     - X -0.252 - -  - - - X -  X 
High 7 8 MACE-99 3.16 2.89 3.26 -0.153 0.081  - X     - - -0.234 - -  - - X - -  X 
Low 17 9 MACE-74 3.16 2.89 3.22 -0.196 0.081  - X     - - -0.278 X X  - X - X X  - 
High 2 10 MACE-70 3.16 2.89 3.20 -0.116 0.014  - -     X - -0.130 - -  X - - X -  - 
Low 13 11 MACE-83 3.16 2.89 3.15 -0.086 0.081  - X     - - -0.168 - -  - X - - X  - 
High 3 12 MACE-52 3.16 2.89 3.07 -0.012 0.173  X X     - X -0.186 - -  X X - X -  - 
High 9 13 MACE-65 3.16 2.89 3.06 -0.111 0.014  - -     X - -0.125 X -  - - - - X  - 
High 4 14 MACE-97 3.16 2.89 2.96 -0.122 0.003  - -     - X -0.125 X -  X - X - -  - 
Low 16 15 MACE-72 3.16 2.89 2.90 -0.062 0.106  X -     X X -0.168 - -  - - - - -  X 
Low 19 16 MACE-89 3.16 2.89 2.86 -0.036 0.089  X -     - - -0.125 X -  - - - - X  - 
High 1 17 MACE-71 3.16 2.89 2.83 -0.182 0.014  - -     X - -0.196 - -  - - - X X  - 
High 8 18 MACE-62 3.16 2.89 2.77 -0.072 0.000  - -     - - -0.072 X X  X - - - -  - 
High 6 19 MACE-93 3.16 2.89 2.51 -0.164 0.003  - -     - X -0.168 - -  X X X - -  - 
Low 11 20 MACE-95 3.16 2.89 1.76 -0.186 0.081  - X     - - -0.267 X X  X - - X X  - 
 
Table 6.7 – Presence or absence of donor alleles for TE QTL detected in the top and bottom performing genotypes for 
TE from each family in the Dr-NAM population in T17E2 (a Suntop, b Mace and c Scout).  
The presence of the donor or reference allele each of the 20 identified QTL for TE (sorted from left to right in descending 
order from based on their effect size, as estimated for the Dr-NAM in T17E1) are presented for the 10 highest and 10 
lowest performing genotypes for TE in T17E2 (denoted by the blue to magenta colour gradient). The 6 QTL (and their 
effects) which were significantly associated with QTL identified in the Su-NAM population are highlighted in bold. a the 
predicted rank of lines for TE (based on genomic prediction from 2016 data) within each respective family. b the observed 
rank for the same lines. Cells with a “X” indicate that polymorphism for the corresponding QTL is present in the family of 
the respective genotype, and that the allele from the respective family donor parent is present (i.e. Suntop, Mace or 
Scout). The shading of cells where a reference allele is present corresponds to the size of the effect (darker green = 
greater positive effect from the allele, darker red = greater negative effect from allele). Cells with a single dash indicate 
that polymorphism for the corresponding QTL is present in the family of respective genotype, and that the Drysdale allele 
is present. Cells shaded dark grey with no dash or “X” indicate that the corresponding QTL is not polymorphic in the 
family of the respective genotype. Reference parent for all genotypes in panels a, b and c is Drysdale. 
 
153 
  
 
  
 
c  
 
 
   
 Effe
ct
 
0.
31
6 
0.
08
9 
0.
08
1 
0.
06
4 
0.
06
4 
0.
04
0 
0.
01
8 
0.
01
4 
0.
00
3 
 -0
.0
13
 
-0
.0
13
 
-0
.0
16
 
-0
.0
46
 
-0
.0
56
 
-0
.0
66
 
-0
.0
84
 
-0
.1
12
 
-0
.1
29
 
-0
.1
68
 
Tail 
group 
Pred. 
Ranka 
Obvs. 
Rankb Genotype Re
fe
re
nc
e 
TE
 
D
on
or
 T
E 
TE Su
m
 o
f Q
TL
 e
ffe
ct
s 
(P
os
iti
ve
 - 
ne
ga
tiv
e)
 
Su
m
 o
f p
os
iti
ve
 
Q
TL
 
Q
Te
.q
w
r-
5A
.1
 
Q
Te
.q
w
r-
6B
.1
 
Q
Te
.q
w
r-
5B
.1
 
Q
Te
.q
w
r-5
D
.1
 
Q
Te
.q
w
r-3
B.
2 
Q
Te
.q
w
r-3
A.
2 
Q
Te
.q
w
r-7
D
.1
 
Q
Te
.q
w
r-1
A.
2 
Q
Te
.q
w
r-7
D
.2
 
Su
m
 o
f n
eg
at
iv
e 
Q
TL
 
Q
Te
.q
w
r-6
D
.1
 
Q
Te
.q
w
r-3
D
.1
 
Q
Te
.q
w
r-4
A.
2 
Q
Te
.q
w
r-1
A.
1 
Q
Te
.q
w
r-4
B.
1 
Q
Te
.q
w
r-3
B.
1 
Q
Te
.q
w
r-3
A.
1 
Q
Te
.q
w
r-
1A
.3
 
Q
Te
.q
w
r-
6A
.1
 
Q
Te
.q
w
r-
4A
.1
 
Low 11 1 SCOUT-97 3.16 3.16 3.80 -0.043 0.081   X -  -  -  -0.125 X    -  - X   
Low 17 2 SCOUT-55 3.16 3.16 3.55 0.033 0.145   X X  -  -  -0.112 -    -  - X   
High 1 3 SCOUT-66 3.16 3.16 3.42 -0.077 0.103   - X  X  -  -0.180 X    X  - X   
High 3 4 SCOUT-84 3.16 3.16 3.31 -0.117 0.064   - X  -  -  -0.180 X    X  - X   
Low 12 5 SCOUT-76 3.16 3.16 3.27 -0.112 0.000   - -  -  -  -0.112 -    -  - X   
High 5 6 SCOUT-61 3.16 3.16 3.15 -0.061 0.064   - X  -  -  -0.125 X    -  - X   
Low 14 7 SCOUT-77 3.16 3.16 3.15 -0.064 0.103   - X  X  -  -0.168 -    X  - X   
High 8 8 SCOUT-59 3.16 3.16 3.09 -0.023 0.145   X X  -  -  -0.168 -    X  - X   
Low 13 9 SCOUT-70 3.16 3.16 3.03 -0.099 0.081   X -  -  -  -0.180 X    X  - X   
High 7 10 SCOUT-78 3.16 3.16 2.94 -0.168 0.000   - -  -  -  -0.168 -    X  - X   
High 10 11 SCOUT-87 3.16 3.16 2.75 -0.023 0.145   X X  -  -  -0.168 -    X  - X   
High 4 12 SCOUT-101 3.16 3.16 2.61 -0.128 0.040   - -  X  -  -0.168 -    X  - X   
High 2 13 SCOUT-85 3.16 3.16 2.58 -0.043 0.081   X -  -  -  -0.125 X    -  - X   
Low 18 14 SCOUT-103 3.16 3.16 2.58 -0.030 0.081   X -  -  -  -0.112 -    -  - X   
Low 19 15 SCOUT-89 3.16 3.16 2.54 -0.104 0.064   - X  -  -  -0.168 -    X  - X   
Low 16 16 SCOUT-71 3.16 3.16 2.51 -0.004 0.121   X -  X  -  -0.125 X    -  - X   
Low 15 17 SCOUT-74 3.16 3.16 2.27 -0.030 0.081   X -  -  -  -0.112 -    -  - X   
High 6 18 SCOUT-68 3.16 3.16 2.13 -0.043 0.081   X -  -  -  -0.125 X    -  - X   
Low 20 19 SCOUT-75 3.16 3.16 2.10 -0.048 0.064   - X  -  -  -0.112 -    -  - X   
High 9 20 SCOUT-98 3.16 3.16 2.02 0.073 0.185   X X  X  -  -0.112 -    -  - X   
 
Table 6.6 – continued… 
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Discussion 
The relationship between cumulative transpiration and biomass accumulation was not 
consistent between trials 
The environmental conditions experienced in T17E2 were extreme when compared to 
T17E1 (Figure 6.1 and Table 6.4) and the Su-NAM experiments in 2016 reported in 
Chapter 4, T16E1 and T16E2 (Figure 4.3 and Table 6.4). With much greater average daily 
temperatures and VPD than any of the other experiments, the results for T17E2 proved 
inconsistent when compared to T17E1 (Table 6.5 and Figure 6.2). Total transpiration in 
T17E2 was considerably more than in T17E1, however less biomass was accumulated on 
average (Figure 6.3). This could be due to high level of VPD increasing transpiration rate 
(Schoppach et al., 2012) and stressful temperatures reducing net photosynthesis and 
biomass accumulation. While this resulted in lower level of TE, TE for T17E2 also exhibited 
much less genetic variation within the Dr-NAM population (Figure 6.2). This reduction in 
variability for TE could be due to high temperature affecting photosynthesis and respiration 
(Posch et al., 2019). Accordingly, less variations in accumulated biomass was observed in 
T17E2 compared to T17E1 (Figure 6.3a). On another hand, more genetic variation were 
observed for cumulated transpiration (Figure 6.3b), as genotypic variability in relative 
transpiration rate increase with evaporative demand above a critical VPD (Schoppach and 
Sadok, 2012). In total, 17 days between sowing to harvest had temperatures above 32oC 
and 36 out of the total 50 days had a maximum VPD above 3 kPa. The period of greatest 
stress experienced by T17E2 was during the final 3-4 weeks of the experiment, when mean 
daily temperatures trended upwards, particularly in the final 7 days when average daytime 
temperatures were above 30oC  (Figure 6.1). Of the final 7 days prior to harvest of T17E2, 
5 days had a maximum temperature above 35oC and 4 days had a maximum VPD above 
4.5 kPa (with a maximum of 6.24 kPa).  
 
Genomic predictions for TE were not strongly correlated with the observed performance in 
the Dr-NAM tail populations 
Predicting performance for TE in previously untested populations was not reliable in this 
experiment. Figure 6.4 shows the predicted performance of genotypes plotted against the 
observed performance in the both the T17E1 and T17E2 experiments (Figure 6.4a and 
Figure 6.4c, respectively). In a study by Combs and Bernardo (2013) it was demonstrated 
that correlations between predictions and observed performance was directly related to the 
size of the testing population and number of markers being used for a number of traits in 
wheat. In that study, training populations as small as 96 individuals were able to produce 
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correlations of up to 0.26 for yield and 0.46 for heading date in wheat when predictions were 
tested using just over 2500 markers in the population from which the testing population was 
originally subset (Combs and Bernardo, 2013). A correlation of 0.26 is not ideal, however 
0.46 is quite acceptable for breeders to pursue. The size of the Su-NAM (457 RILs), the 
relatedness between the families in the MR-NAM sub populations, and this relatively high 
number of markers tested in the Su-NAM (2446) was similar to that used in previous studies 
with positive results (Combs and Bernardo, 2013; Bassi et al., 2016). In this study, only the 
Suntop family in T17E1 had a significant and relatively high correlation of 0.48 between the 
predicted and the observed performance (Figure 6.4a, Figure 6.4b and Table 6.6). For the 
other two families (Mace and Scout), the predictions tended to have a negative correlation 
with the observed performance for TE in T17E1 (Figure 6.4a and Figure 6.4b), neither of 
which were significant (Table 6.6). This is to be expected as the predictions were based on 
the Su-NAM populations performance in Chapter 4 and T17E1 experienced similar 
environmental conditions to T16E1 and T16E2 (Table 6.4). As the MR-NAM population 
contains many families from different genetic backgrounds such there is limited relatedness 
between the Su-NAM and the Dr-NAM, which may have caused this lack of correlation 
between predictions and observed performance in the untested families. 
 
Although the relationship between predicted and observed performance in T17E2 for the 
Suntop family was not statistically significant it was still positive in value (Figure 6.4c), which 
was mainly driven by the top 10 predicted genotypes having a slightly higher mean than the 
bottom 10 and middle genotypes (Figure 6.4d and Table 6.6). As T17E2 experienced very 
high temperatures and VPD in the 3-4 weeks leading up to harvest, it is likely that the genetic 
variation for TE in all families was greatly reduced by the extreme environment (Chapman 
et al., 2000; Chenu et al., 2013). As shown in T17E1, the performance of Suntop lines was 
predicted with a good correlation between predictions and observed performance in similar 
environmental conditions. 
 
Previous studies on the interaction between environmental conditions and modelling for 
genotypic performance have shown that timing and severity of environmental stress (i.e. 
heat or drought) caused genotypic ranking to change significantly for yield (Chapman et al., 
2000; Chenu et al., 2013). In the study presented in Chapter 3, differences in environment 
were also observed having an effect on genetic variation for TE in elite Australian wheat 
varieties (Fletcher et al., 2018), however in this study the environmental conditions were not 
as extreme as those experience by T17E2. This indicates that elevated VPD can help to 
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investigate TE in response to warmer and dryer environments, however once VPD passes 
a certain threshold plants will undergo extreme physiological responses which may be of 
interest for drought or heat response, but for this study have caused a loss of genetic 
variation. In a study by Ly et al. (2017), it was shown that in multiple environment trials 
(MET), integrating stress indicators as covariate in models for genomic predictions improved 
the accuracy of predictions. Using such models and collecting more data on the performance 
of the MR-NAM genotypes in a wider variety of environments could help to improve the 
accuracy of predictions using this population. 
 
The presence of reference parent alleles for the QTL identified in the Su-NAM for TE did 
not have a meaningful relationship with the ranking of genotypes in the Dr-NAM tail 
populations 
When comparing the presence or absence of reference parent (Suntop, Mace or Scout) 
alleles in the Dr-NAM tails population, it became clear that the 20 QTL identified in the Su-
NAM population (Figure 6.4) were not consistently present or absent in Dr-NAM tail groups 
(Table 6.7). For T17E2, the ranking of genotypes in the high and low predicted groups for 
TE performance is not consistent for any family (Suntop, Scout or Mace; Table 6.7a, Table 
6.7b and Table 6.7, respectively). Table 6.7 shows ranks of each genotype from 1-20 for 
each family, however the prediction of “High” or “Low” performance for TE has been 
presented as well. As can be seen, for all three family there is no strong consistency for 
genomic predictions in T17E2. This may be because the genomic predictions were 
conducted across the entire genome, while these rankings focus only on 20 markers for QTL 
of interest. The wide deviation from normal growing conditions has likely also caused 
abnormal rankings of genotypes for TE due to genetic variation for extreme heat tolerance 
or stress response, which are traits of interest in Australia but were not investigated as part 
of this study. 
 
In the previous chapter there were some observable relationships between high and low 
performing genotypes and the presence/absence of some of these QTL (Table 4.7). Table 
6.7 shows the presence of alleles for the 19 QTL identified in the Su-NAM population in the 
Dr-NAM population tail groups. When looking specifically at the presence/absence of 
reference parent alleles in the tails of each family, it is very difficult to draw any meaningful 
conclusions. For all three families there is no readily discernible pattern or relationship 
between which reference parent alleles are present and genotype performance. This is likely 
because the genomic predictions were done at the genome level using data from the Su-
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NAM population. As observed in Chapter 5, not all markers are segregating in all families, 
and for some QTL proxy markers were used to determine QTL effect and significance in 
alternate genetic backgrounds. By using all available molecular markers to make weighted 
predictions of performance on a marker by marker basis, many of these nuances in marker 
allele frequency, segregation in different families may not have been properly accounted for, 
which may have detracted from the ability to accurately predict TE. Further, the known 
interaction between the genotypes in this study and the exceptional high temperatures and 
VPD experienced by the plants in T17E2 also would have caused inconsistency between 
genotype rankings (Chapman et al., 2000; Chenu et al., 2013). 
 
In an environment with more optimal conditions (i.e. T16E1, T16E2 and T17E1), there is 
known genetic variability for plant response to VPD that restricts transpiration by closing 
stomata, which is associated with WUE (Schoppach and Sadok, 2012). In a study 
investigating genetic variability for transpiration rate response to VPD in wheat, Schoppach 
and Sadok (2012) reported a range in VPD breakpoint (i.e. the point at which plants start 
closing their stomata) from 2.4-3.9 kPa. In T17E2, the average VPD and VPD in the final 7 
days were both within this range (Table 6.4), and it is likely that the extreme VPD caused all 
plants to reach their breakpoint and partly closed their stomata (while not limiting their 
transpiration rate; Figure 6.3b). In addition, extreme temperatures have also probably 
reduced net photosynthesis and biomass accumulation (Figure 6.3a). This may explain the 
lack of genetic variation for TE (Figure 6.2), as cumulative transpiration and biomass 
accumulation are the TE components and responses of stomata, photosynthesis and 
respiration all contribute to TE. In a broader context, this result highlights the impact extreme 
temperatures and VPD can have on plant growth, water use and TE. As rainfall and 
temperatures are predicted to become much more variable over the next few decades 
(Potgieter et al., 2013; Watson et al., 2017), these environment types are likely to become 
more common. Investigating the relationship between TE and both (i) transpiration rate in 
response to VPD and (ii) net photosynthesis in response to high temperature could be highly 
beneficial for breeding new varieties which are better adapted to these types of 
environments. In the specific case of T17E2, this trial was sown very late in the season and 
had a theoretically unlimited water supply; if it had been sown earlier, it would likely have 
been approaching maturity when this environment developed. Overall, in rainfed production 
environments, conserving soil water early in the season through increased TE may be 
beneficial, as additional soil moisture may be able to offset some of the yield losses caused 
by the extreme environment late in the season. 
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Conclusion 
T17E2 was designed to study the accuracy and consistency of genomic predictions for the 
performance of TE in a previously untested population. Overall, these predictions were 
observed to be unreliable and inconsistent, however this may, at least in part, have been 
caused by the extreme environmental conditions experienced during this study. Indeed, for 
the Suntop x Drysdale family, which was common to all experiments, a consistent and 
significant correlation was found between predictions (from T16E1 and T16E2) and 
independent observations in a similar environment (T17E1), while no significant correlation 
was observed in the more extreme environment of T17E2. No significant relationships were 
found between predicted and observed performances for TE in any of the other Dr-NAM 
families in either T17E1 or T17E2. However, when looking at individual families in T17E2, 
top tails based on genomic predictions tended to have greater TE than bottom tails, but only 
significantly differed in a few families. 
 
An overarching factor which may be the key cause of much of the inconsistency and 
unreliability seen in this study was the extreme environmental conditions, and probably more 
so extreme temperatures, experienced by T17E2. Under nominal conditions these 
genotypes may have performed closer to the genomic predictions, however due to the 
extreme environmental conditions this would be a hypothesis that requires further study. 
Replicating this experiment under conditions similar to those observed in T16E1, T16E2 and 
T17E1 may either demonstrate that these genomic predictions are consistent with observed 
TE in a reproducible experiment or confirm that genomic predictions using this methodology 
are not consistent with observed TE when testing a population from a previously untested 
genetic background. This study demonstrates that predicting performance for TE based on 
genomic information may be possible in populations with genetic backgrounds similar to 
those the predictions are based on, but for genetically different populations more phenotypic 
data may be required. In the context of broader applications in genomic selection and 
breeding, these results tell us that there is little value in genomic predications for TE in 
genetic populations, or when tested in extremely different environments. Hence, breeders 
could potentially increase TE using genomic prediction but the experiment from this chapter 
should be reproduced in less extreme conditions to better assess the value of genomic 
prediction to predict TE in new genotype backgrounds. 
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Chapter 7: Conclusions and perspectives 
 
Rationale and objectives 
Understanding the physiological response of wheat to both stressful and non-stressful 
environments is important for increasing yield. One of the critical limiting factors for yield and 
yield stability of rainfed crops in Australia is water availability and timing of rainfall to alleviate 
stress, particularly in the northern region of the Australian wheatbelt where the majority of 
rainfall is received during the summer months, and winter crops (such as wheat) rely on 
water stored in the soil for the season (Chenu et al., 2013). In these situations, yield is largely 
depends upon how much water is available to the crops during grain filling. Increasing the 
efficiency with which plants are able to utilise available water reserves to produce biomass 
(transpiration efficiency) could allow soil water reserves to be sustained for longer before 
being depleted, thus increasing the amount of water available (with or without large rainfall 
at anthesis) for grain filling.  
 
The main limitations for improving TE in wheat is the traditionally labour-intensive techniques 
for measuring plant transpiration and/or biochemical analysis for CID. This thesis provides 
evidence that high-throughput phenotyping and genetic studies can be deployed using large 
scale, cost effective methods to improve breeding progress for TE in wheat. The aim of this 
research program was to improve the methodology for screening large populations for TE, 
whilst using this methodology to identify and validate the genetic basis of TE in wheat in 
different genetic backgrounds. The objectives were to: 
(i) Develop a high-throughput platform and methodology for screening large 
populations rapidly for TE 
(ii) Investigate genetic regions (quantitative trait loci; QTL) associated with the 
expression of TE in an established multi-reference parent nested association 
mapping population (MR-NAM) population. 
(iii) Determine if making genomic predictions for TE is a reliable and consistent 
approach to increase the speed of wheat breeding for TE in different genetic 
backgrounds. 
 
Using the new, low cost lysimeter system described in Chapter 3, it was demonstrated that 
short duration trials of between 900 and 1000oCd, from sowing to around the flag-leaf stage, 
provided information comparable to that from full duration trial extending from sowing to 
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flowering. It was also determined that later sown trials of short duration could also provide 
data closely correlated with trials sown at the normal sowing period.  
 
Being able to rapidly identify and introduce beneficial genes into new commercial material 
to have greater TE may provide improved yields in low rainfall years. Chapter 4 describes 
an advanced automated lysimeter facility called the APAD that could be used to quickly and 
accurately measure the transpiration efficiency of a large number of lines. This platform was 
used to measure TE of 467 RILs in the Su-NAM population, a subset of a larger, genetically 
structured MR-NAM. A cutting edge GWAS technique called MLMM was then applied to 
identify 20 QTL of varying effect size for TE. While the Suntop variety is well known for its 
drought tolerance and has high TE, donor alleles of other genotypes from some of the QTL 
were associated with improved TE and could be introduced to the Suntop variety to further 
improve yields in the northern growing region. Vice versa, a number of Suntop alleles were 
found of interest to improve TE of other genetic backgrounds. Many of the Su-NAM lines 
tested in this population had much greater TE than Suntop itself, and in some cases this 
advantage in TE was derived from plant with greater biomass, lower cumulative 
transpiration, or both.  By introducing these genetics into breeding programs, greater TE can 
be achieved in Australian wheat varieties. 
 
To validate the 20 QTL identified in the Su-NAM population, another experiment was 
conducted (Chapter 5) to determine whether the QTL detected in Chapter 4 had a significant 
effect when tested in different genetic backgrounds (Dr-NAM population). Using the same 
automated lysimeter platform described in Chapter 4, TE for 153 genotypes in the Dr-NAM 
population were measured and the QTL from Chapter 4 were tested for their effect. By using 
proxy markers to act as surrogate markers for QTL identified in the Su-NAM population, 6 
out of the original 20 QTL for TE were detected as having a significant effect in the Dr-NAM 
population. This result shows that not all QTL identified in the Su-NAM population were 
significantly associated with a significant effect for TE in all families. Six of the QTL were 
significantly associated in both the Su-NAM and Dr-NAM populations, suggesting that they 
are likely to have an effect for TE in a large number of genetic backgrounds, and should be 
investigated further for potential improvements for TE and yield in the wider Australian wheat 
growing environments. 
 
Finally, another experiment was designed to test how predicting the performance for TE of 
genotypes using only their genomic information would be. In Chapter 6, the data collected 
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from Chapter 4 using the Su-NAM population was used to estimate the individual genetic 
effect of all molecular markers available. These marker effects were then used to predict the 
performance of genotypes which had not yet been tested for TE in different populations: the 
Dr-NAM population (grown in experiments from Chapters 5 and 6); in tails from four families 
from each of the Su-NAM, Sc-NAM and Ma-NAM; and in top predicted TE lines from the 
MR-NAM. Tails were chosen by selecting the 10 genotypes predicted to perform best for 
TE, and the 10 genotypes predicted to perform the worst using their genetic data alone. The 
experiment to measure TE of these selections in the APAD encountered extreme 
environmental conditions (high temperature and high VPD; Figure 6.1 and Table 6.4). As a 
result, in this experiment, there were no families in the Dr-NAM population where the 
genomic predictions were significantly correlated with the observed performance. However 
predictions were accurate and significantly correlated to observations in the Suntop x 
Drysdale family (previously tested in Chapter 4) which was also grown in T17F1 with non-
extreme environmental conditions (Table 6.6). 
 
Major findings 
Overall, this research program sought to increase the throughput of a TE phenotyping 
platforms as well as to identify and validate a number of QTL for traits of interest, specifically 
for the improvement of TE in elite Australian wheat varieties. The key outcomes of this thesis 
are:  
(i) The development of a low-cost, high-throughput platform for screening large 
populations of wheat (or other crops) for TE using multiple short duration trials 
within a single season; 
(ii) The identification of QTL for TE that are now available for marker assisted 
breeding programs. This was achieved using a genetically structured MR-NAM 
population (Su-NAM) and automated lysimeter facility; 
(iii) The validation of 6 out of the 20 QTL identified in the Su-NAM population, which 
had a significant effect in a NAM population with a different genetic background 
(Dr-NAM); 
(iv) The validation of the value to use genomic prediction in previously tested 
genotypes in new environmental conditions.  
 
Additionally, the possibility of predicting TE performance using genomic predictions was 
investigated for new genetic backgrounds. However these predictions were not reflected in 
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the TE measured for the genotypes in lysimeter experiment. This was likely due, at least in 
part, to adverse environmental conditions during the validation experiment.  
 
The use of the MLMM GWAS method in this thesis has a number of advantages over other 
GWAS techniques as it uses an iterative mixed model approach to efficiently identify multiple 
loci, as well as being able to harnesses the power of a kinship matrix to account for 
population structure (Segura et al., 2012). GWAS techniques which lack the ability to include 
a term for genetic relatedness in their models may increase the false-positive detection rates 
(Kang et al., 2008), and in a single model method, large effect QTL can often mask the effect 
of other QTL which are located close by or occur at a similar frequency in the same 
genotypes (Segura et al., 2012). The populations in this study also varied in size and 
structure. In the Su-NAM population, 467 RILs derived from 10 families were used to identify 
20 QTL of varying size for TE, and a number of QTL for other traits of interest. Compared to 
Chapter 5, the MLMM technique was only able to identify 2 QTL in the Dr-NAM population, 
which is comprised of only 153 RILs from three families. This demonstrates that while MLMM 
is able to detect QTL in moderate-size populations, its applications for relatively small and 
structured population studies are still limited. 
 
In the Su-NAM population, the QTL identified ranged in effect size, from 0.145 g kg-1 to as 
small as 0.045 g kg-1, however the QTL of smaller effect were typically polymorphic in a 
greater proportion of the Su-NAM population than the larger effect QTL (Table 4.6). This 
shows us that while the larger effect QTL may provide a large effect for QTL in one or two 
families, in other genetic backgrounds they may have different, even negative effects, and 
more investigation should be conducted to investigate their effects in specific genetic 
backgrounds. As for the smaller effect QTL, while they may not confer such major effect in 
all families, some genetic backgrounds demonstrated considerable advantages in TE, 
however these effects could be a result of small family sizes and should be investigated 
further. These small effect QTL can be investigated further for their potential additive effects 
and breeders could investigate QTL for specific genetic backgrounds they are working with. 
 
There are trade-offs between TE and other physiological traits which also need to be 
considered when assessing which QTL are most suitable for a particular target environment. 
Some genotypes have high TE because they transpire less but have similar biomass to 
other genotypes, while other genotypes may have similar overall transpiration but produce 
more biomass (Figure 4.21 and Figure 6.2). In Chapter 4, genotypes with the highest and 
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lowest 10 were distributed along the axis between cumulative transpiration and biomass 
(Figure 4.21). However, many of the high TE genotypes tended to have greater biomass, 
and similarly the low TE genotypes tended to have lower biomass (Figure 4.21). In Chapters 
5 and 6, this trend was far more pronounced, with all 10 highest and lowest TE genotypes 
being at their respective ends of the axis between cumulative transpiration and biomass 
(Figure 6.2). The trade-offs between water loss and biomass accumulation are likely linked 
to traits such as limiting stomatal conductance (e.g. genotypic variation in limiting 
transpiration at high VPD), greater photosynthetic capacity or light use-efficiency (i.e. 
producing more biomass using the same amount of water and photosynthetic energy). There 
are a variety of factors which influence TE and even with high TE genotypes there may be 
trade-offs between achieving higher efficiency and losing productivity depending on the 
environment considered. The ideal phenotype for breeders or grower will depend on the 
environment being targeted, mainly depending on the timing and the amount of water 
available for the crop. In a more pragmatic sense, if TE can be increased across multiple 
elite wheat varieties without high increase in water use (i.e. increased risk of drought stress 
later on) or high decrease in biomass accumulation (i.e. risk of lower grain number and/or 
grain weight), e.g. by increasing biomass for a similar level of water use, then yield gain 
could be expected in drought-prone environments. Optimal strategies regarding water use 
and biomass may nevertheless depend on the targeted environments (e.g. environments 
where crop heavily relying on store soil moisture or on in-season rainfalls). Such strategies 
could be tested with crop modelling (Chenu et al., 2017; Behnam and Karine, 2019) and 
field trials. 
 
A considerable limitation of the investigation into TE in the study described in Chapter 6 
(T17E2) was the unexpectedly high temperatures and VPD experienced, especially in the 
later stages of the trial (Figure 6.1). A similar difference in environmental conditions was 
seen in Chapter 3, where later sown experiments encountered high VPD (Table 3.1). In 
Chapter 3, this did result in lower TE and reduced genetic variability for TE in the plants 
which experienced higher VPD (i.e. 2.18 kPa experienced by E3H1; Table 3.1), however 
the conditions were not as extreme at T17E2 (2.36 kPa and no temperature above 30oC) 
and meaningful conclusions were able to be drawn. In T17E2, the extreme environmental 
conditions likely caused most plants to shut down their stomata to limit water loss 
(Schoppach and Sadok, 2012), and to reduce photosynthesis activity and increase 
respiration (Posch et al., 2019). The responses to extreme conditions involve different 
processes for which genotype sensitivity likely vary. While this would be of great interest for 
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future studies, in this study, this made it very difficult to validate the work from previous 
Chapters. 
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Future research 
This work has highlighted that further investigation into the genetics of TE and the effects of 
these QTL should be conducted by expanding the scope of the investigation into wider 
genetic backgrounds. The experiment T17E2 could also be repeated to re-test the value of 
genomic prediction in new genetic background in a more discriminatory experiment (e.g. 
environment more similar to those from T16E1, T16E2 and T17E1). Expanding the Su-NAM 
population by breeding more lines in the same families could also allow further testing of the 
genomic predictions, which may be of value as it was observed that the predictions did work 
well in similar genetic backgrounds. Expanding the size of the MR-NAM population, or 
exploring other genetic backgrounds would also allow further investigation into the QTL 
identified in Chapters 4 and 5. The Drysdale x Suntop family was one of the most interesting 
for QTL discovery for TE, and would be of considerable value for breeders in the northern 
wheat growing region where both of these varieties have already demonstrated great value.  
As temperature and VPD (e.g. Ababaei and Chenu, 2020) have been increasing in recent 
decent and are projected to further increase (e.g. Zheng et al., 2012), further investigation 
can also be conducted into variability of TE in more extreme environmental conditions and 
how this related to the QTL identified in this thesis. This would help identify which QTL may 
be of most importance for breeding higher performing genotypes adapted to the projected 
future climate.   
 
Conclusion 
Overall, this work has demonstrated that high-throughput phenotyping for TE is possible and 
has reproducible results across multiple environments, however it has also identified a 
number of limitations which require further investigation. Short duration experiments were 
able to produce results consistent with normal length experiments for TE, and when 
combined with a high-throughput phenotyping platform, large populations were able to be 
screened rapidly and accurately. By combining these techniques with the MLMM GWAS 
model, multiple QTL were detected across multiple genetically structured populations. The 
MR-NAM population used in this thesis was derived from elite wheat varieties with known 
agronomic value. If the outputs of this research can be incorporated into commercial 
breeding programs or be used to support the introduction of beneficial alleles for TE in 
Australian wheat varieties, then considerable gains could be made for both yield and yield 
stability in drought-prone environments. 
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Appendix 
Appendix 1 – Table of dietary energy and protein intake, including the contribution of 
wheat, for countries and demographics of interest in 2013 
Country Unit Total Wheat Wheat (%) 
World Energy (kcal/capita/day) 2884 527 18.3 
Australia Energy (kcal/capita/day) 3276 584 17.8 
United States of America Energy (kcal/capita/day) 3682 599 16.3 
Eastern Europe Energy (kcal/capita/day) 3291 919 27.9 
Africa Energy (kcal/capita/day) 2624 376 14.3 
Low Income Food Deficit Countries a Energy (kcal/capita/day) 2444 438 17.9 
Least Developed Countries b Energy (kcal/capita/day) 2348 226 9.6 
World Protein (g/capita/day) 81.23 15.87 19.5 
Australia Protein (g/capita/day) 106.28 18.45 17.4 
United States of America Protein (g/capita/day) 109.6 19.35 17.7 
Eastern Europe Protein (g/capita/day) 97.42 27.81 28.5 
Africa Protein (g/capita/day) 69.1 11.3 16.4 
Low Income Food Deficit Countries a Protein (g/capita/day) 61.13 12.56 20.5 
Least Developed Countries b Protein (g/capita/day) 61.34 6.55 10.7 
a Low Income Food Deficit Countries is the aggregate data for 52 countries defined by FAO (2018) 
on the basis of low income and food inadequacy (GDP >US$3,000 per capita and a net importer of 
food): Afghanistan, Bangladesh, Benin, Burkina Faso, Burundi, Cameroon, Central African Republic, 
Chad, Comoros, CÃ´te d'Ivoire, Democratic People's Republic of Korea, Democratic Republic of the 
Congo, Djibouti, Eritrea, Ethiopia, Gambia, Ghana, Guinea, Guinea-Bissau, Haiti, India, Kenya, 
Kyrgyzstan, Lesotho, Liberia, Madagascar, Malawi, Mali, Mauritania, Mozambique, Nepal, 
Nicaragua, Niger, Nigeria, Pakistan, Papua New Guinea, Rwanda, Sao Tome and Principe, Senegal, 
Sierra Leone, Solomon Islands, Somalia, South Sudan, Sudan, Syrian Arab Republic, Tajikistan, 
Togo, Uganda, United Republic of Tanzania, Uzbekistan, Yemen, Zimbabwe 
b Least Developed Countries is the aggregate data for the 48 least developed countries, defined by 
FAO (2018) as: Afghanistan, Angola, Bangladesh, Benin, Bhutan, Burkina Faso, Burundi, 
Cambodia, Central African Republic, Chad, Comoros, Democratic Republic of the Congo, Djibouti, 
Equatorial Guinea, Eritrea, Ethiopia, Gambia, Guinea, Guinea-Bissau, Haiti, Kiribati, Lao People's 
Democratic Republic, Lesotho, Liberia, Madagascar, Malawi, Mali, Mauritania, Mozambique, 
Myanmar, Nepal, Niger, Rwanda, Sao Tome and Principe, Senegal, Sierra Leone, Solomon Islands, 
Somalia, South Sudan, Sudan, Timor-Leste, Togo, Tuvalu, Uganda, United Republic of Tanzania, 
Vanuatu, Yemen, Zambia 
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Appendix 2 – Table of dietary energy and protein intake of key food groups for countries and demographics of interest for 2013 (all 
values are percentage (%) of the Total value)  
a Low Income Food Deficit Countries is the aggregate data for 52 countries defined by FAO (2018) on the basis of low income and food inadequacy 
(GDP >US$3,000 per capita and a net importer of food) 
 
b Least Developed Countries is the aggregate data for the 48 least developed countries, as defined by FAO (2018)
 
 Total Animal Products 
Bovine 
Meat 
Poultry 
Meat 
Plant 
products Cereals 
Starchy 
Roots Pulses 
World Energy (kcal/capita/day) 2884 17.8 1.4 2.0 82.2 44.8 4.9 2.4 
Australia Energy (kcal/capita/day) 3276 32.1 3.2 5.7 67.9 22.6 2.7 0.4 
United States of 
America 
Energy (kcal/capita/day) 3682 26.7 2.7 5.4 73.2 21.8 2.5 1.1 
Eastern Europe Energy (kcal/capita/day) 3291 24.9 1.8 2.6 75.1 34.2 6.1 0.5 
Africa Energy (kcal/capita/day) 2624 8.2 1.2 0.9 91.8 48.9 13.3 4.2 
Low Income Food 
Deficit Countries 
Energy (kcal/capita/day) 2444 9.4 0.7 0.3 90.6 53.8 6.9 4.9 
Least Developed 
Countries 
Energy (kcal/capita/day) 2348 8.0 1.0 0.6 92.0 57.3 9.5 4.9 
World Protein (g/capita/day) 81.23 39.6 4.4 6.4 60.4 39.1 2.8 5.2 
Australia Protein (g/capita/day) 106.28 67.4 12.1 15.1 32.6 20.4 2.1 0.7 
United States of 
America 
Protein (g/capita/day) 109.6 63.7 11.2 16.4 36.3 21.6 2.2 2.4 
Eastern Europe Protein (g/capita/day) 97.42 52.8 4.7 9.2 47.2 33.8 4.9 1.1 
Africa Protein (g/capita/day) 69.1 23.2 3.6 3.5 76.8 48.9 6.0 10.4 
Low Income Food 
Deficit Countries 
Protein (g/capita/day) 61.13 21.8 2.0 1.3 78.2 51.8 3.8 12.1 
Least Developed 
Countries 
Protein (g/capita/day) 61.34 22.1 3.0 2.3 77.9 51.8 4.6 11.9 
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Appendix 3 – Steps to construct the low-cost transpiration efficiency system.  
Some of the materials used in this instructional figure can be substituted based on availability as long as 
the basic principles of the system are met (i.e. a constant water table is maintained, water is able to move 
freely into the pot via capillary action, and water use can be measured by the amount of water removed 
from a sealed container). Letters refer to plates below. 
A video can be viewed to watch the main steps of the Pot-In-Bucket construction at 
https://youtu.be/08h7Ip1rukU 
Materials required: 
• Plastic pot, e.g. ANOVA® pot that helps securing the roots within the pot (www.anovapot.com) 
• Plastic bucket (e.g. white bucket in G) with roughly the same diameter as the plastic pot to 
minimize water loss from evaporation between the two containers 
• Plastic container (e.g. small plastic takeaway container displayed in A) 
• 1 cm thick polystyrene sheet (used in B) 
• 5 mm thick rubber mat (used in B) 
• 5 mm thick corflute sheet (D) 
• Capillary matting (3-5 mm thick; E) 
• Micropipette tips 
• 5 mm garden irrigation elbow piece (with barbs) 
• 5 mm garden irrigation hose 
• 5 mm medical IV line (preferably with translucent plastic to enable checking for the presence of 
unwanted bubbles) 
• Rigid sheet of thin plastic (less than 1 mm thick) 
• Sealed water container (e.g. 5L jar; H) 
• Water-proof glue (e.g. a contact adhesive and a bathroom sealant) 
 
Constructing the Pot-in-Bucket system, including the float valve (A and C): 
1. Trim the barb off one end of the 5 mm garden irrigation elbow piece 
2. Cut the micropipette tips at 5 mm from the tip at a 45o angle. Insert this into the trimmed elbow piece 
and glue in place using a small amount of contact adhesive (ensuring that there is no room for water 
to leak past the tip), with the face of the 45o cut directed toward the untrimmed barb to ensure the 
flow of water is not blocked (C). 
3. Cut a 10-15 cm length of the 5 mm garden irrigation hose. Insert the barbed end of the elbow piece 
into one end of the hose. 
4. Drill three 5 mm holes in the small plastic container (circled in red in A): 1 centre of the base (to put 
the elbow assembly in), 1 offset on the base (to let the air pass), 1 in the side as close to the lip of 
the container as possible (to let the water pass). 
5. Insert the elbow assembly into the centre hole with the micropipette tip facing down and glue in place 
using contact adhesive. 
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6. Cut a disc (or hexagon in B) in the polystyrene (ensure that it can move freely inside the plastic 
container and can float up to the glued micropipette tip when water will be added, but not so small 
that it will drift inside the container once filled with water). Using a 10 mm hole punch, cut a hole 
through the centre of the polystyrene disc (B). 
7. Using the same 10 mm hole punch, cut a disc in the rubber mat. Insert a rubber disc horizontally into 
the 10 mm hole in the polystyrene and glue in place using the bathroom sealant (N.B. If the 
polystyrene disc is too small, the rubber disc may be misaligned with the micropipette tip and not stop 
the flow of water as required; A).  
8. Cut a square of corflute to roughly the size of the plastic container. Remove a thin section from the 
centre to allow the corflute to shroud the extruding elbow piece and hose (D). This corflute square 
will sit above the small plastic container and protect the elbow and hose from the weight of the pot 
with the soil and the plant (G, Figure 1B). 
9. Cut a square of rigid plastic material to the same size as the corflute. This will sit about the corflute 
and below the capillary mat to avoid root extension (E). This part is actually optional. 
10. Cut a strip of the capillary material (F) long enough to sit over the valve, corflute and plastic square 
(in an upside down ‘U’ shape), with both ends reaching the base of the float container to ensure 
maximum contact with the water (G). 
11. Drill a hole in the side of the plastic bucket which is to be used as the reservoir. The diameter of the 
hole needs to the same as the garden irrigation hose. Insert the valve into the bucket, feeding the 
hose through the hole until the float sits in the centre (G). 
12. Remove the plastic mesh from the ANOVA® covering the drainage hole at the base of the pot 
(remove by pressing the mesh out with your thumbs, or carefully using a knife or scissors). Cut a 
small square of capillary matting to cover this hole and glue it outside of the pot to ensure best contact 
between the two pieces of capillarity mat and the soil (N.B. use enough glue to ensure that this piece 
of capillary mat will not fall off, but be careful not to cover with glue the capillary matting covering the 
drainage hole itself, as this could reduce water flow). The pot will then sit on top of the valve assembly, 
inside the bucket (H, Fig 2B) 
13. Cut the gardening irrigation hose so that when inserted into the water jug it can reach the bottom, 
and allow around 5-10 cm extra for a better manoeuvrability of the system. Fit this onto the translucent 
end of the medical IV line and ensure it will not leak. 
14. Drill a hole in the cap of the water bottle at the same diameter as the irrigation hose. Feed the hose 
through the hole to the depth of the bottle (it should be very tight to prevent evaporation), allowing 
the extra 5-10 cm to dangle with the translucent plastic. 
15. At the beginning of the experiment, fill the water bottle and make sure the water level inside the jar is 
above the level of the valve (to allow a syphon). Insert the IV/hose line and screw down cap (H - N.B. 
do not over tighten the cap, some air will need to get in to allow water to syphon out). 
16. Suck on the other end of the IV line to start a water syphon. Once water is flowing freely, connect the 
IV line to the hose protruding from the reservoir and valve (H). Adjust the water level in the jar to a 
pre-established level (or fill to top) when ready to record water use.  
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Fine (0.4mmID) shortened pipette tip 
inserted and glued into elbow joiner 
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Epoxy glue seals pipette tip in place 
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Appendix 4 – Shoot transpiration efficiency over thermal time for all 11 genotypes studied. 
Appendix 5 – Genotypic variations in shoot transpiration efficiency measured at ~1000oCd 
after sowing for all wheat lines studied. 
  
 
 
 
Data for all harvests of experiment 1, with the exception of harvest 1 (E1H1), for which the small 
size of the plants (6-leaf stage) and their limited water use made differences in TE difficult to 
capture. Error bars represent confidence interval at P = 0.05 (n = 5) 
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Measurements for all three experiments (E1H3, E2H1, E3H1). Error bars represent confidence 
interval at P = 0.05 (n = 5). 
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Appendix 6 – Comparisons of plant biomass and transpiration efficiency from (non-
destructive) pot weight versus direct biomass measurements. 
  
 
 
Pot weight measurements allow plant biomass to be derived non-destructively, where direct plant 
biomass measurement require destructive sampling. A) Fresh root biomass derived from pot 
weights versus measured fresh biomass of washed roots. B) Derived fresh root biomass versus 
measured dry root biomass. C) Derived fresh shoot biomass versus measured fresh shoot 
biomass. D) Derived fresh shoot biomass versus measured dry shoot biomass. E) Derived fresh 
plant biomass versus measured fresh plant biomass. F) Derived fresh plant biomass versus 
measured dry plant biomass. F) Transpiration efficiency for measured fresh plant biomass versus 
transpiration efficiency for derived fresh plant biomass. G) Transpiration efficiency for measured 
dry whole-plant biomass versus transpiration efficiency for derived fresh whole-plant biomass. 
Data is presented for all 11 genotypes for E1H6. Derived fresh whole-plant biomass transpiration 
efficiency was calculated as accumulated biomass over time (the difference in pot weights between 
initial and final measurements) per unit of water transpired for the same period. Fresh whole-plant 
transpiration efficiency was calculated as total fresh plant material (roots and shoots) weighed at 
harvest per unit of water transpired for the same period. The 1:1 relationship is represented by the 
hatched line. 
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Appendix 7 – Structure of MR-NAM population, including family sizes. Reference parents 
are in bold and represent the sub-NAM populations. Parents within each sub-NAM are 
donor parents. 
Family Number of Genotypes 
SUNTOP (Su-NAM) 457 
Dharwar dry 52 
Drysdale 52 
FAC10-16 42 
EGA Gregory 42 
RIL114 42 
SB062 52 
Seri M82 52 
EGA Wylie 40 
ZWB10-37 41 
ZWW10-128 42 
MACE (Ma-NAM) 277 
Dharwar dry 44 
Drysdale 50 
SB062 51 
Seri M82 52 
Westonia 40 
ZWW10-50 38 
Scout (Sc-NAM) 290 
Dharwar dry 52 
Drysdale 51 
RIL114 42 
SB062 51 
Seri m82 52 
Grand Total 1021 
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Appendix 8 – Details of the parental lines used to develop the MR-NAM population used 
in this study 
  
Name Adaptation Target traits of interest 
Dharwar Dry Drought adaptation  
Adapted to rainfed wheat production in India, deep root 
system, stay-green phenotype (Manske and Vlek, 2002; 
Manschadi et al., 2008) 
Drysdale Heat tolerance High transpiration efficiency (Condon et al., 2004; Tausz-Posch et al., 2012) 
EGA Gregory Adaptation to nematodes 
High resistance to root lesion nematodes (Pratylenchus 
thornei, Queensland Wheat Variety Guide, 2014) 
EGA Wylie Disease resistance 
High levels of Fusarium crown rot resistance and black point 
tolerance (Queensland Wheat Variety Guide, 2014, Zheng et 
al., 2014) 
FAC10-16 Drought adaptation High levels of resistance to leaf rust (Riaz et al., 2016) and moderate resistance to yellow spot (Dinglasan et al., 2016). 
RIL114 Pre-harvest sprouting tolerance 
High levels of grain dormancy donated by DH70 parent 
(Hickey et al., 2009) 
SB062 Heat tolerance High levels of water-soluble carbohydrates (Olivares-Villegas et al., 2007; Dreccer et al., 2009) 
SeriM82 Drought adaptation  
Deep root system (Manschadi et al., 2006, 2008), stay-green 
phenotype (Olivares-Villegas et al., 2007; Christopher et al., 
2008; Manschadi et al., 2010) 
Westonia Adaptation to sub-soil constraints 
High tolerance to manganese and aluminium toxicities (Tang 
et al., 2003; Khabaz-Saberi et al., 2010) and wide international 
adaptation (Mathews et al., 2006) 
ZWB10-37 General adaptation High yielding in CAIGE2 trials conducted in South Australia 
ZWW10-50 General adaptation High yielding in CAIGE2 trials conducted in Western Australia 
ZWW10-128 General adaptation High yielding in CAIGE2 trials conducted in South Australia 
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Appendix 9 – Details of the parental lines used to develop the MR-NAM population used 
in this study 
Name Type Breeder1 Pedigree 
Dharwar Dry Cultivar India DWR39/C306//HD2189 
Drysdale Cultivar CSIRO Hartog*3/Quarrion 
EGA Gregory Cultivar EGA Pelsart/2*Batavia 
EGA Wylie Cultivar EGA QT 2327-1/Cook//Jupateco F 73/TR 590 
FAC10-16 Elite breeding line ICARDA 10CB-F/W234 
Mace Cultivar AGT Wyalkatchem/Stylet//Wyalkatchem 
RIL114 Elite breeding line UQ UQ01484/RSY10//H45 
SB062 Elite breeding line CIMMYT Seri M82/Babax 
Scout Cultivar LPB Sunstate/QH71-6//Yitpi 
SeriM82 Elite breeding line CIMMYT Kavkaz/4/Saric F 70///Lerma Rojo 64A/Inia F66//Inia F66/Yecora F70/5/II-26992 
Suntop Cultivar AGT Sunco/2*Pastor//SUN436E 
Westonia Cultivar Intergrain Spica/Timgalen//Tosca/5/Wren:Mex//Ciano F 67/Noroeste F 66///Zambezi/4/Jacup*2/Bobwhite 
ZWB10-37 Elite breeding line CIMMYT Tacupeto F2001/Brambling//Kiritati 
ZWW10-128 Elite breeding line CIMMYT ESDA/KKTS 
ZWW10-50 Elite breeding line CIMMYT Onix/4/Milan/Kauz//Prinia/3/BAV92 
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Appendix 10 – Diagram showing the layout of the APAD transpiration phenotyping platform 
Bench Row 1 2 3 4 5 6 7 8 9 10 11 12 13 14  15 16 17 18 19 20 21 22 23 24 25 26 27 28 
1 Column               10               
 1 R1_C1 R2_C1 R3_C1 R4_C1 R5_C1 R6_C1 R7_C1 R8_C1 R9_C1 R10_C1 R11_C1 R12_C1 R13_C1 R14_C1  R15_C1 R16_C1 R17_C1 R18_C1 R19_C1 R20_C1 R21_C1 R22_C1 R23_C1 R24_C1 R25_C1 R26_C1 R27_C1 R28_C1 
 2 R1_C2 R2_C2 R3_C2 R4_C2 R5_C2 R6_C2 R7_C2 R8_C2 R9_C2 R10_C2 R11_C2 R12_C2 R13_C2 R14_C2  R15_C2 R16_C2 R17_C2 R18_C2 R19_C2 R20_C2 R21_C2 R22_C2 R23_C2 R24_C2 R25_C2 R26_C2 R27_C2 R28_C2 
 3 R1_C3 R2_C3 R3_C3 R4_C3 R5_C3 R6_C3 R7_C3 R8_C3 R9_C3 R10_C3 R11_C3 R12_C3 R13_C3 R14_C3  R15_C3 R16_C3 R17_C3 R18_C3 R19_C3 R20_C3 R21_C3 R22_C3 R23_C3 R24_C3 R25_C3 R26_C3 R27_C3 R28_C3 
 4 R1_C4 R2_C4 R3_C4 R4_C4 R5_C4 R6_C4 R7_C4 R8_C4 R9_C4 R10_C4 R11_C4 R12_C4 R13_C4 R14_C4  R15_C4 R16_C4 R17_C4 R18_C4 R19_C4 R20_C4 R21_C4 R22_C4 R23_C4 R24_C4 R25_C4 R26_C4 R27_C4 R28_C4 
2                9               
 5 R1_C5 R2_C5 R3_C5 R4_C5 R5_C5 R6_C5 R7_C5 R8_C5 R9_C5 R10_C5 R11_C5 R12_C5 R13_C5 R14_C5  R15_C5 R16_C5 R17_C5 R18_C5 R19_C5 R20_C5 R21_C5 R22_C5 R23_C5 R24_C5 R25_C5 R26_C5 R27_C5 R28_C5 
 6 R1_C6 R2_C6 R3_C6 R4_C6 R5_C6 R6_C6 R7_C6 R8_C6 R9_C6 R10_C6 R11_C6 R12_C6 R13_C6 R14_C6  R15_C6 R16_C6 R17_C6 R18_C6 R19_C6 R20_C6 R21_C6 R22_C6 R23_C6 R24_C6 R25_C6 R26_C6 R27_C6 R28_C6 
 7 R1_C7 R2_C7 R3_C7 R4_C7 R5_C7 R6_C7 R7_C7 R8_C7 R9_C7 R10_C7 R11_C7 R12_C7 R13_C7 R14_C7  R15_C7 R16_C7 R17_C7 R18_C7 R19_C7 R20_C7 R21_C7 R22_C7 R23_C7 R24_C7 R25_C7 R26_C7 R27_C7 R28_C7 
 8 R1_C8 R2_C8 R3_C8 R4_C8 R5_C8 R6_C8 R7_C8 R8_C8 R9_C8 R10_C8 R11_C8 R12_C8 R13_C8 R14_C8  R15_C8 R16_C8 R17_C8 R18_C8 R19_C8 R20_C8 R21_C8 R22_C8 R23_C8 R24_C8 R25_C8 R26_C8 R27_C8 R28_C8 
3                8               
 9 R1_C9 R2_C9 R3_C9 R4_C9 R5_C9 R6_C9 R7_C9 R8_C9 R9_C9 R10_C9 R11_C9 R12_C9 R13_C9 R14_C9  R15_C9 R16_C9 R17_C9 R18_C9 R19_C9 R20_C9 R21_C9 R22_C9 R23_C9 R24_C9 R25_C9 R26_C9 R27_C9 R28_C9 
 10 R1_C10 R2_C10 R3_C10 R4_C10 R5_C10 R6_C10 R7_C10 R8_C10 R9_C10 R10_C10 R11_C10 R12_C10 R13_C10 R14_C10  R15_C10 R16_C10 R17_C10 R18_C10 R19_C10 R20_C10 R21_C10 R22_C10 R23_C10 R24_C10 R25_C10 R26_C10 R27_C10 R28_C10 
 11 R1_C11 R2_C11 R3_C11 R4_C11 R5_C11 R6_C11 R7_C11 R8_C11 R9_C11 R10_C11 R11_C11 R12_C11 R13_C11 R14_C11  R15_C11 R16_C11 R17_C11 R18_C11 R19_C11 R20_C11 R21_C11 R22_C11 R23_C11 R24_C11 R25_C11 R26_C11 R27_C11 R28_C11 
 12 R1_C12 R2_C12 R3_C12 R4_C12 R5_C12 R6_C12 R7_C12 R8_C12 R9_C12 R10_C12 R11_C12 R12_C12 R13_C12 R14_C12  R15_C12 R16_C12 R17_C12 R18_C12 R19_C12 R20_C12 R21_C12 R22_C12 R23_C12 R24_C12 R25_C12 R26_C12 R27_C12 R28_C12 
4                7               
 13 R1_C13 R2_C13 R3_C13 R4_C13 R5_C13 R6_C13 R7_C13 R8_C13 R9_C13 R10_C13 R11_C13 R12_C13 R13_C13 R14_C13  R15_C13 R16_C13 R17_C13 R18_C13 R19_C13 R20_C13 R21_C13 R22_C13 R23_C13 R24_C13 R25_C13 R26_C13 R27_C13 R28_C13 
 14 R1_C14 R2_C14 R3_C14 R4_C14 R5_C14 R6_C14 R7_C14 R8_C14 R9_C14 R10_C14 R11_C14 R12_C14 R13_C14 R14_C14  R15_C14 R16_C14 R17_C14 R18_C14 R19_C14 R20_C14 R21_C14 R22_C14 R23_C14 R24_C14 R25_C14 R26_C14 R27_C14 R28_C14 
 15 R1_C15 R2_C15 R3_C15 R4_C15 R5_C15 R6_C15 R7_C15 R8_C15 R9_C15 R10_C15 R11_C15 R12_C15 R13_C15 R14_C15  R15_C15 R16_C15 R17_C15 R18_C15 R19_C15 R20_C15 R21_C15 R22_C15 R23_C15 R24_C15 R25_C15 R26_C15 R27_C15 R28_C15 
 16 R1_C16 R2_C16 R3_C16 R4_C16 R5_C16 R6_C16 R7_C16 R8_C16 R9_C16 R10_C16 R11_C16 R12_C16 R13_C16 R14_C16  R15_C16 R16_C16 R17_C16 R18_C16 R19_C16 R20_C16 R21_C16 R22_C16 R23_C16 R24_C16 R25_C16 R26_C16 R27_C16 R28_C16 
5                6               
 17 R1_C17 R2_C17 R3_C17 R4_C17 R5_C17 R6_C17 R7_C17 R8_C17 R9_C17 R10_C17 R11_C17 R12_C17 R13_C17 R14_C17  R15_C17 R16_C17 R17_C17 R18_C17 R19_C17 R20_C17 R21_C17 R22_C17 R23_C17 R24_C17 R25_C17 R26_C17 R27_C17 R28_C17 
 18 R1_C18 R2_C18 R3_C18 R4_C18 R5_C18 R6_C18 R7_C18 R8_C18 R9_C18 R10_C18 R11_C18 R12_C18 R13_C18 R14_C18  R15_C18 R16_C18 R17_C18 R18_C18 R19_C18 R20_C18 R21_C18 R22_C18 R23_C18 R24_C18 R25_C18 R26_C18 R27_C18 R28_C18 
 19 R1_C19 R2_C19 R3_C19 R4_C19 R5_C19 R6_C19 R7_C19 R8_C19 R9_C19 R10_C19 R11_C19 R12_C19 R13_C19 R14_C19  R15_C19 R16_C19 R17_C19 R18_C19 R19_C19 R20_C19 R21_C19 R22_C19 R23_C19 R24_C19 R25_C19 R26_C19 R27_C19 R28_C19 
 20 R1_C20 R2_C20 R3_C20 R4_C20 R5_C20 R6_C20 R7_C20 R8_C20 R9_C20 R10_C20 R11_C20 R12_C20 R13_C20 R14_C20  R15_C20 R16_C20 R17_C20 R18_C20 R19_C20 R20_C20 R21_C20 R22_C20 R23_C20 R24_C20 R25_C20 R26_C20 R27_C20 R28_C20 
                               
  1 2 3 4 5 6 7 8 9 10 11 12 13 14  15 16 17 18 19 20 21 22 23 24 25 26 27 28 
 
196 
 
 
 
 197 
 
Appendix 11 – ASReml models used in analysis of the T16E1,T16E2, T17E1 and T17E2 
NAM experiments  
 
Terms:  
‘Expt’ = ‘Experiment’ (temporal term) 
‘Genotype’ = Individual NAM line 
‘Bench’ = Bench within the platform design (spatial term) 
‘Row = Row within the platform design (spatial term) 
‘Column = Column within the platform design (spatial term) 
 
Step 1  
a) Linear mixed model with Genotype fitted as a random effect 
 
model_1.fmr <- asreml(value ~  Expt , 
                      random=~ corh(Expt):Genotype + at(Expt):Bench 
+ 
                      at(Expt):Column + at(Expt):Row, 
                      rcov=~at(Expt):id(Column):id(Row), 
                      data= data, na.method.X='ignore') 
 
b) Print outliers to be removed 
 
out <- update(model_1.fmr, aom=T) 
data$scres <- out$aom$R[,2] 
outliers <- data[!is.na(data $scres)& abs(data $scres)>5.0, ] 
print(outliers) 
 
Step 2 
a) Linear mixed model with Experiment fitted as a fixed effect 
model_2.fmf <- asreml(value ~ Expt*Genotype , 
                      random=~ at(Expt):Bench + 
                      at(Expt):Column + at(Expt):Row, 
                      rcov=~at(Expt):id(Column):id(Row), 
                      data= data, na.method.X='ignore') 
 
b) Predict BLUEs across experiments to give only 1 value per genotype 
BLUEs.gen <- predict(model_2.fmf,"Genotype",maxiter=1) 
 
c) Predict BLUEs within experiments to give 1 value per genotype per experiment 
BLUEs.gxe <- predict(model_2.fmf,"Expt:Genotype",maxiter=1) 
 198 
 
Appendix 12 – ASReml models to test Markers identified by MLMM 
 
Terms:  
‘Expt’ = ‘Experiment’ (temporal term) 
‘Markin’ = A term defining if a genotype is a NAM line (‘in’) or a parental line (‘out’) 
‘Family’ = Donor (Parental Line) 
‘Marker_...’ = Markers identified during MLMM (to be entered manually) 
‘Genotype’ = Individual NAM line 
‘Bench’ = Bench within the platform design (spatial term) 
‘Row = Row within the platform design (spatial term) 
‘Column = Column within the platform design (spatial term) 
‘k.dinv’ = Inverse of the kinship matrix 
 
Step 1 
a) Linear mixed model with Experiment, NAM lines (‘Markin’) and markers identified in 
MLMM fitted as fixed effects 
Effect.fm <- asreml(value ~ Expt + Markin + Expt:Markin +  
Family + Marker_1 + Marker_2 + Marker_... , 
random=~ Parent + Expt:Parent +  
at(Markin,'in'):giv(Genotype) +  
at(Markin,'in'):ide(Genotype) + 
at(Expt):Bench + at(Expt):Column +  
at(Expt):Row + at(Markin,"in"):Expt:Genotype, 
rcov=~at(Expt):id(Column):id(Row), 
data= data, na.method.X='ignore', 
ginv = list(Genotype=k.dinv)) 
,  
Step 2 
a) Output significance (p values) for all fixed effects from the model 
wald(Effect.fm,ssType='conditional',denDF='numeric') 
 
b) Output effect size for all fixed effects from the model 
Effect.fm$coeff$fixed 
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a) 
 Exp. 
Mean 
cumulative 
transpiration 
Genetic 
variance 
Error 
variance T16E1 T16E2 T17E1 T17E2 
20
16
 T16E1 1720.16 32320.33 37032.91 32320.33 (468) (63) (67) 
T16E2 1848.81 24197.25 50987.35 0.99 24197.25 (63) (67) 
20
17
 T17E1 1516.67 15592.97 27699.75 0.99 0.99 15592.97 (168) 
T17E2 1922.51 4259.76 94531.53 0.99 0.99 0.99 4259.76 
b) 
 Exp. Mean biomass (g) 
Genetic 
variance 
Error 
variance T16E1 T16E2 T17E1 T17E2 
20
16
 T16E1 8.70 0.99 0.69 0.99 (468) (63) (67) 
T16E2 8.14 0.78 0.91 0.95 0.78 (63) (67) 
20
17
 T17E1 6.99 1.09 0.63 0.70 0.67 1.09 (168) 
T17E2 5.95 0.57 1.32 0.86 0.82 0.61 0.57 
c) 
 Exp. Mean TE Genetic variance 
Error 
variance T16E1 T16E2 T17E1 T17E2 
20
16
 T16E1 5.10 0.08 0.16 0.08 (468) (63) (67) 
T16E2 4.45 0.09 0.07 0.74 0.09 (63) (67) 
20
17
 T17E1 4.57 0.13 0.07 0.71 0.82 0.13 (168) 
T17E2 3.10 0.09 0.09 0.45 0.52 0.50 0.09 
 
Appendix 13 – Genetic variance for cumulative transpiration (a), biomass (b) and TE 
(c) for each trial. 
Genetic correlation between all four experiments displayed using a heatmap, with 
genetic variance for each experiment plotted on the diagonal. Values in parenthesis 
indicate the number of genotypes in common between experiments which genetic 
correlation is based upon.  
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QTe.qwr-1A.1 50/0 (0%) 
50/0 
(0%) 
15/19 
(55.9%) 
17/16 
(48.5%) 
41/0 
(0%) 
42/0 
(0%) 
51/0 
(0%) 
51/0 
(0%) 
41/0 
(0%) 
QTe.qwr-1A.2 30/18 (37.5%) 
17/24 
(58.5%) 
42/0 
(0%) 
38/0 
(0%) 
17/15 
(46.9%) 
17/19 
(52.8%) 
49/0 
(0%) 
20/15 
(42.9%) 
37/2 
(5.1%) 
QTe.qwr-1A.3 26/17 (39.5%) 
51/0 
(0%) 
42/0 
(0%) 
36/0 
(0%) 
41/0 
(0%) 
42/0 
(0%) 
26/18 
(40.9%) 
52/0 
(0%) 
21/19 
(47.5%) 
QTe.qwr-3A.1 50/0 (0%) 
21/22 
(51.2%) 
15/16 
(51.6%) 
15/15 
(50%) 
40/0 
(0%) 
16/19 
(54.3%) 
51/0 
(0%) 
50/0 
(0%) 
12/23 
(65.7%) 
QTe.qwr-3A.2 50/0 (0%) 
19/22 
(53.7%) 
15/21 
(58.3%) 
38/0 
(0%) 
16/13 
(44.8%) 
24/13 
(35.1%) 
51/0 
(0%) 
52/0 
(0%) 
18/21 
(53.8%) 
QTe.qwr-3B.1 22/22 (50%) 
19/22 
(53.7%) 
42/0 
(0%) 
39/0 
(0%) 
41/0 
(0%) 
42/0 
(0%) 
50/0 
(0%) 
52/0 
(0%) 
40/1 
(2.4%) 
QTe.qwr-3B.2 13/29 (69%) 
50/0 
(0%) 
42/0 
(0%) 
38/0 
(0%) 
41/0 
(0%) 
42/0 
(0%) 
51/0 
(0%) 
52/0 
(0%) 
41/0 
(0%) 
QTe.qwr-3D.1 21/10 (32.3%) 
24/22 
(47.8%) 
21/10 
(32.3%) 
18/18 
(50%) 
19/17 
(47.2%) 
12/24 
(66.7%) 
50/0 
(0%) 
51/0 
(0%) 
40/1 
(2.4%) 
QTe.qwr-4A.1 22/21 (48.8%) 
51/0 
(0%) 
42/0 
(0%) 
39/0 
(0%) 
41/0 
(0%) 
41/1 
(2.4%) 
32/14 
(30.4%) 
27/14 
(34.1%) 
34/6 
(15%) 
QTe.qwr-4A.2 20/21 (51.2%) 
25/21 
(45.7%) 
13/20 
(60.6%) 
36/0 
(0%) 
13/22 
(62.9%) 
11/26 
(70.3%) 
51/0 
(0%) 
51/1 
(1.9%) 
22/13 
(37.1%) 
QTe.qwr-4B.1 50/0 (0%) 
50/0 
(0%) 
14/26 
(65%) 
39/0 
(0%) 
41/0 
(0%) 
42/0 
(0%) 
51/0 
(0%) 
52/0 
(0%) 
39/0 
(0%) 
QTe.qwr-5A.1 25/12 (32.4%) 
51/0 
(0%) 
42/0 
(0%) 
38/0 
(0%) 
41/0 
(0%) 
42/0 
(0%) 
50/1 
(2%) 
52/0 
(0%) 
23/13 
(36.1%) 
QTe.qwr-5A.2 50/0 (0%) 
20/20 
(50%) 
42/0 
(0%) 
18/13 
(41.9%) 
19/16 
(45.7%) 
18/14 
(43.8%) 
29/17 
(37%) 
52/0 
(0%) 
40/0 
(0%) 
QTe.qwr-5A.3 50/0 (0%) 
18/23 
(56.1%) 
22/13 
(37.1%) 
0/35 
(100%) 
0/41 
(100%) 
41/0 
(0%) 
24/19 
(44.2%) 
29/15 
(34.1%) 
21/12 
(36.4%) 
QTe.qwr-5B.1 49/0 (0%) 
51/0 
(0%) 
42/0 
(0%) 
39/0 
(0%) 
41/0 
(0%) 
41/1 
(2.4%) 
22/24 
(52.2%) 
19/21 
(52.5%) 
40/1 
(2.4%) 
QTe.qwr-5D.1 50/0 (0%) 
51/0 
(0%) 
12/22 
(64.7%) 
38/1 
(2.6%) 
41/0 
(0%) 
16/16 
(50%) 
50/0 
(0%) 
21/19 
(47.5%) 
21/14 
(40%) 
QTe.qwr-6A.1 19/24 (55.8%) 
18/25 
(58.1%) 
14/21 
(60%) 
38/1 
(2.6%) 
17/19 
(52.8%) 
41/1 
(2.4%) 
27/19 
(41.3%) 
23/25 
(52.1%) 
20/16 
(44.4%) 
QTe.qwr-6B.1 50/0 (0%) 
51/0 
(0%) 
42/0 
(0%) 
17/12 
(41.4%) 
41/0 
(0%) 
41/0 
(0%) 
26/18 
(40.9%) 
16/32 
(66.7%) 
20/18 
(47.4%) 
QTe.qwr-6D.1 50/0 (0%) 
51/0 
(0%) 
19/16 
(45.7%) 
19/12 
(38.7%) 
41/0 
(0%) 
41/0 
(0%) 
51/0 
(0%) 
52/0 
(0%) 
39/2 
(4.9%) 
QTe.qwr-7B.1 26/20 (43.5%) 
51/0 
(0%) 
42/0 
(0%) 
12/19 
(61.3%) 
41/0 
(0%) 
20/19 
(48.7%) 
50/0 
(0%) 
52/0 
(0%) 
41/0 
(0%) 
QTe.qwr-7D.1 16/26 (61.9%) 
25/25 
(50%) 
20/18 
(47.4%) 
20/13 
(39.4%) 
22/17 
(43.6%) 
17/16 
(48.5%) 
22/21 
(48.8%) 
19/24 
(55.8%) 
17/18 
(51.4%) 
QTe.qwr-7D.2 50/0 (0%) 
51/0 
(0%) 
42/0 
(0%) 
18/16 
(47.1%) 
41/0 
(0%) 
14/21 
(60%) 
51/0 
(0%) 
52/0 
(0%) 
39/1 
(2.5%) 
 
Appendix 14 – Segregation of each QTL for TE identified in Chapter 4. 
Segregation is expressed as both a fractional proportion (Suntop / Donor) and a percentage of 
total lines segregating for donor allele within donor family. Based on data presented in Table 4.6. 
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